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Abstract

When a person makes a decision, it is automatically accompanied by a subjective probability judgement
of the decision being correct, in other words, a (local) confidence judgement. Confidence judgements
have, among other things, an effect on justifications of future decisions and behaviour. A better under-
standing of the metacognitive processes responsible for these confidence judgements could improve
behaviour models. To date, confidence judgements are mostly studied in a fundamental manner. Little
to no research has been done into confidence in more dynamic tasks. Such applied research could ren-
der insights on whether fundamental principles also hold for real-life tasks. It could also have practical
relevance for several applications. Driving is amongst the areas for which an improved understanding
of the decision making and accompanied confidence judgements can be useful, for instance in order to
improve driving assistance systems. However, current studies on driving behaviour are merely focused
on decision making and do not take confidence into account.

In this study, we made a first attempt of connecting these two fields of research by investigating the
confidence of drivers in left turn gap acceptance decisions in a driver simulator experiment (N=17).
The study showed that confidence can be related to the gap size with respect to the oncoming vehi-
cle, described by the time-to-arrival and the distance gap. Confidence increases with the gap size for
gap accepting decisions and decreases with the gap size for gap rejecting decisions. In addition, we
concluded that confidence can be related to the driving behaviour, and that confidence is negatively
related to the decision response time. Moreover, we found that confidence judgements can best be
captured with the use of an extended dynamic drift diffusion decision model of which the drift rate of
the evidence accumulator as well as the decision boundaries are functions of the time-to-arrival and
distance gap. Furthermore, we demonstrated that allowing for post-decision evidence accumulation in
the model increases its ability to describe confidence judgements in gap rejecting decisions. Overall,
the study confirmed that principles known from fundamental confidence research can be used to de-
scribe confidence judgements in a dynamic and applied task.

Topics: Confidence, Decision making, Driver behaviour, Evidence accumulation, Metacognition
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1 INTRODUCTION

UR decisions are automatically and subconsciously
Oaccompanied by a confidence judgement [1], [2].
A confidence judgement is defined as a metacognitive
judgement of an individual describing the estimated
subjective  probability  that  his/her decision is
correct [3], [4], [51, [6], [71, [8].

Previous research has demonstrated that the processes
responsible for decision making and confidence judgements
are similar and closely related to each other [1], [5], [9].
Confidence judgements affect for example the justifications
of future decisions and behaviour [10], [1], [11]. Moreover,
the processes responsible for decision making [12] and
confidence judgements are both based on the accumulation
of evidence towards or against a decision [5], [9], [10], [13].
One of the key findings in confidence research is
that confidence in a decision increases when more
evidence towards this decision is accumulated, and
that simultaneously, the amount of evidence for — and
therefore also confidence in — an alternative decision
decreases [14], [5], [15].

o Supervisor: Dr. A. (Arkady) Zgonnikov

Faculty of Mechanical, Maritime and Materials Engineering, Delft Uni-
versity of Technology, 2628 CD Delft, The Netherlands

Earlier experimental studies and confidence models pro-
vided many insights into confidence judgements. However,
these studies have been carried out in a fundamental man-
ner [7], [16], [11], [17], [18], [10] using standard laboratory
setups that consider confidence in simplistic perceptual or
preferential tasks. Examples of these kinds of tasks are
direction discrimination tasks [14], [19] and perceptual
categorisation tasks [18], [20].

In addition, limited research has addressed confidence
in dynamic tasks until now. Such research is crucial to
examine the extent to which earlier findings on confidence
in simple tasks also hold in more real-life tasks. A better
understanding of confidence judgements for real-life tasks,
such as driving, can be of practical relevance. When it
comes to driving, an improved understanding of drivers’ de-
cision behaviour and accompanied (confidence) judgements
is invaluable when designing more sophisticated driving
assistance systems [21], [22]. However, earlier studies
into the decision making of drivers have not taken into
account confidence judgements [23], [24], [25], [26], [27].
The focus of these studies has mainly been on factors
influencing decision outcomes and on the modelling of the
decision-making process. They proved that internal factors
as such personality traits, experiences, and emotional state’s
as well as external factors like the environment or the traffic
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situation affect decision outcomes.

In this study, we made a first attempt of connecting
these two fields of research by investigating the confidence
of human drivers in left-turn gap acceptance decisions at
unprotected intersections. This allowed us to obtain new
insights into confidence judgements. The main objective of
this study was to investigate how to model the confidence
of a driver in left-turn gap acceptance decisions. To do so,
we examined the influence of the dynamics of an oncoming
vehicle on the decision behaviour (Research Question 1la,
RQ1a) and response times (RQ1b) of drivers. We defined
the dynamics of the oncoming vehicle as the time-to-arrival
(TTA) and the distance gap to the ego vehicle. Additionally,
we assessed how confidence is related to the time-to-arrival
and distance gap of the oncoming vehicle (RQ2) and how
confidence is related to the indicated decision response
time (RQ3). We also assessed whether the initial throttle
operation moment — the moment a participant starts driving
— is related to the decision response time (RQ 4). Moreover,
we investigated how driving behaviour action dynamics
relate to confidence (RQ 5). We thereby expressed driving
behaviour with the use of two action dynamic measures:
the velocity profile and the distance to the centre of the
intersection.

Lastly, we assessed whether confidence judgements
of a driver for left-turn gap acceptance decisions can
be described by an extended cognitive decision be-
haviour model (RQ 6a). Thereby, we examined whether
the evidence accumulation process can best be exam-
ined through one evidence accumulator describing both
decisions (drift-diffusion model) or by two indepen-
dent competing evidence accumulators (race model) (RQ
6b) [26], [28], [29]. Also, we investigated for each model
whether it performs best with or without making use of
post-decision evidence accumulation (RQ 6¢ and RQ 6d)
[91, [11], [5], [10], [20], [14], [15].

2 METHODS

In this study, we investigated the confidence of drivers in
left-turn gap acceptance decisions through a within-subjects
designed fixed-base driver simulator experiment (N = 17;
9 male; 8 female; age= 31+/-11 years). All participants
were in possession of a valid driving license. The Human
Research Ethic Committee of the TU Delft approved the
study and participants signed an informed consent form
prior to the experiment.

2.1 Setup

For the driving simulation, we used the simulator software
Carla and Unreal Engine4 in combination with Python on
a Windows-based desktop computer. The driver simulator
consisted of a 65-inch screen (Samsung UE65MU7000) and
a Logitech G29 steering wheel and pedals set. Participants
were seated at a distance of about 1.3 meters from the
screen.

Oncoming
vehicle

\
<

Truck

)
. Participant
Fig. 1: Illustration of the traffic situation scenario (Top
view)

2.2 Experiment protocol

During the experiment (Figure 1), the participants were
instructed to drive an auditory navigated route through a
virtual urban area, which consisted of a square grid of
roads of 150 by 150 meters. Before each intersection, at a
distance of 120 meters and 30 meters, navigation prompts
were provided, instructing the participant to drive straight
ahead or to make a left or right turn.

Each participant drove five different randomly generated
routes, with each route comprising 20 intersections. At 80%
of the intersections, the participant had to make a left-turn
across the path of an oncoming vehicle. The participants
were first forced to stop behind a truck at the centre of
the intersection before performing the turn (Figure 2). The
truck was present in order to limit the view of the driver
and to make the oncoming car appear in a natural manner.
Participants had to make a gap acceptance decision, decid-
ing to perform the turn in front of the oncoming vehicle
(“‘go” decision) or wait until it had passed (‘“wait” decision).
They had to indicate the decision at the decision moment
by pressing a button on the steering wheel. Furthermore,
participants had to submit a confidence rating regarding
their decision after performing the turn.

During the driving task, we altered the traffic situation
by varying the distance gap and the time-to-arrival (TTA)
conditions of the oncoming vehicle. The distance gap and
time-to-arrival were randomly chosen between 70 and 90
meters and 5.5 and 6.5 seconds, respectively. On each
route, each combination of distance and time-to-arrival was
present four times. The ratio between the initial time-to-
arrival and distance gap determined the constant velocity of
the oncoming vehicle, which ranged between 38.77 km/h
and 58.91 km/h.

To become comfortable with the task and to limit the
effects of learning, the participants drove at least one and
if necessary, multiple practice trials before starting the
experiment. We reduced fatigue and habituation effects by
planning a break halfway through the experiment and by
offering the participants the opportunity to take more breaks
if needed.
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Stop behind truck

(intersection)

Decision moment
(RT)

Execution of turn -

How confident were you in your decision?

Give a rate on a scale of 1 (not at all) to 5 (very)

Not so Very
&) | a2 @3 4 5

Submit

To continue driving press the “L3" button on the steering wheel

Confidence judgement =
(self-report)

Fig. 2: Screen shots of the six phases of a trial in the driver simulator experiment — 1) Driving through the urban
environment, 2) Stop at intersection, whereby vision is blocked by the truck, 3) Truck drives away and oncoming vehicle
becomes visible, 4) Participant has to decide to “go” or “wait” (decision response time, RT), 5) Execution of the turn,
6) Self-report on the amount of confidence the participant had in the made decision.

During the experiment, we recorded the positions, ve-
locities, and accelerations of all the vehicles (frequency:
100 Hz). We also recorded the gas throttle input of the
participants’ vehicle.

2.3 Data analysis

We restricted our data analysis to examining only the left-
turn trials in which the indicated decision was actually
conducted (Appendix F). We excluded all changes of mind,
situations in which the participant carried out a different
decision than indicated (3.4% of all left-turn decisions), as
well as the trials in which the participants did not indicate
their decision (by failing to press the designated button)
(2.2% of all left-turn decisions).

2.4 Metrics

The independent variables in this research were the time-
to-arrival and distance gap, and the dependent variables are
the decision outcome (“‘go”/ “wait”), the response times
(RT), initial throttle operation moment, and confidence
judgements. Moreover, we assessed two action dynamics

- the velocity profile and the distance to the centre of the
intersection - as dependent variables of confidence and the
decision outcome.

2.4.1 Decision behaviour, response time, the initial
throttle operation moment and confidence

We instructed participants to indicate their decision at the
moment of their decision through a button press on the
steering wheel. We defined the time between the moment
the oncoming vehicle occurred and the decision indication
moment as the decision response time (RT). As such, we
defined the first moment in time in which the oncoming
vehicle became visible as the start of the decision-making
process. We also investigated the relation between the
decision response time and the initial throttle operation
moment. The initial throttle operation moment is the first
moment in time — counted from the start of the decision-
making process — in which the participants used the gas
throttle after having stopped behind the truck.

We measured the amount of confidence participants had
in their decision at the decision moment by presenting them
with the following question for self-reflection — a so-called
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self-report: “How confident were you in your decision?
Give a rate on a scale of 1 to 5”. We posed the question
after the turn was performed, at a distance of ten meters
from the centre of the intersection, in order to minimise
the interruption of the driving task as much as possible.
Participants had to provide the confidence judgement before
they could resume the driving task.

2.4.2 Action dynamics

In order to analyse how the decision response time and
decision confidence are reflected in the subsequent driving
behaviour, we employed two measures of the observed
action dynamics related to the start and the execution of the
turn: the velocity profile during the turn and the distance
to the centre of the intersection.

The velocity profile during the turn described the abso-
lute velocity of the participants’ vehicle over time. In all
analyses of the velocity profile, we used the initial throttle
operation moment as the zero-point in time in order to
negate the effect of the decision response time on the action
dynamics. For the analyses, the endpoint in time was the
moment the confidence judgement was reported in 75% of
the trials for “go” and “wait” decisions separately. The 75%
cut-off served to account for the varying duration of the
performed turns in the comparison of the different velocity
profiles. The confidence judgment was reported when the
vehicle was ten meters from the centre of the intersection.

To analyse the relation between confidence and the
velocity profile, we used the following metrics: the max-
imum value over time, the root mean square deviation
(RMSDy,4iv, €q. 1), the deviation from the individual mean
(DMp4iv, €q. 2) and the deviation from the group mean
(DMgy, eq. 3).

The root mean square deviation (eq. 1) as well as the
deviation from the mean (eq. 2 and eq. 3) indicate how the
velocity profile of a given trial deviates from an average
trial. We computed the deviation from the individual mean
(eq. 2) and root mean square deviation by comparing
the velocity profile of the trial with the personal average
velocity profile of this kind of decision (“go”/ ”wait”) over
all the turns performed by a participant. For the deviation
from the group mean (eq. 3), we compared the velocity
profile of a trial to the overall decision average for both
specific decision outcomes.

The root mean square deviation is the square root of the
sum of the squared deviations of the action dynamic mea-
sure (y) from the individual mean (Ugecision,indiv), divided
over the total number of time steps (N), and is described
by the following equation:

Ny )2
RMSD;4iv = \/le ()’ H]f;ctszon,mdtv) 1)
t

The deviation from the mean describes the sum of the
mean deviations, or the sum of the differences between
an individual input value of the action dynamic measure
and the average value at each time step, divided over
the total number of time steps. The deviation from the

individual mean and the deviation from the group mean
are respectively described by the following equations:

N
Z,’:t] (y - I-Ldecisinn,indiv)

DMindiv = N,
t

2

Z?/:tl (y - .udecision,gr)
N,

DMg, = 3)
The main advantage of using deviations from the mean
is that they provide an indication of the amount and the
direction of deviation. There is, however, also a risk that
deviations from the mean level out the values of the
deviation. The root mean square deviation prevents the
positive and negative deviations from cancelling each other
but does not provide an indication of the direction of the
deviation.

When it comes to the analysis of the distance to the
centre of the intersection, we used a similar approach
as for the velocity profile. Also in this case, the zero-
point in time was the initial throttle operation moment
and the endpoint in time was the moment the confidence
judgement was reported in 75% of the trials for “go”
and “wait” decisions separately. We used the root mean
square deviation (RMSDy,4,, €q. 1), the deviation from the
individual mean (DMj,,4;,, €q. 2) and the deviation from the
group mean (DMg,, eq. 3) as metrics to analyse the relation
between confidence and this measure. An additional metric
that we took into account is the minimum value within
the time frame. That is because the distance to the centre
of the intersection is a measure of the travelled trajectory,
which in particular describes the corner cutting behaviour
performed during the turn.

2.5 Statistical analysis

For the statistical analysis, we made use of MATLAB
R2020a. To perform the linear regression analysis, we
used the fitlme (fit linear mixed effects model) function.
We checked for convergence by analysing the positive
definiteness of the Hessian, and we set the level of
significance at ¢ = 0.05. In the decision behaviour model,
we described the probability of making a gap acceptance
decision of different time-to-arrival and distance gap
conditions of the oncoming vehicle. The regression models
that allow for decision dependence of the fixed effects
used the “go” decision as reference class, which means
that all fixed effects described for “wait” decisions are
relative to the ones found for “go” decisions. We checked
the significance of the fixed effects (for “go” decisions)
and the cumulative fixed effect (for “wait” decisions) of
the Ime models by using the hypothesis test coefTest, an
F-test for which we used a significance of alpha 0.05 (CI
95%) resulting in a critical F-value of 3.8476.

For the data analyses, we used the aggregate data
of all participants, thereby accounting for the influence
of individual differences through the random intercept
term (1 | ID) or (decision | ID), in which ID refers to a
single participant. This random effects term allowed for a
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potential (correlated) random effect of the intercept as well
as for the random effect of the decision (Appendix B).

We made use of linear mixed effects models to describe
the relation between 1) the decision outcomes on the one
hand and the time-to-arrival (TTA) and the distance gap
on the other (eq. 4); 2) the decision response time (RT)
on the one hand and the time-to-arrival and the distance
gap on the other (eq. 5); 3) confidence judgements on
the one hand and the time-to-arrival, the distance gap
and the decision response time on the other (eq. 6),
and; 4) confidence judgements on the one hand and the
time-to-arrival, the distance gap and the initial throttle
operation moment on the other (eq. 7).

Prg, ~ distance + TTA + (1|ID) 4)

RT ~ distance x decision+

. . )
TTA xdecision + (decision|ID)

Conf ~ RT xdecision + distance x decision+

. . (6)
TTA xdecision + (decision|ID)

Conf ~ Thryy, xdecision + distance x decision+

. . (7
TTA xdecision + (decision|ID)

In addition, we used linear mixed effects models to investi-
gate the effect of confidence on the metrics of the different
action dynamic measures. In general, these models can be
described by the following formula:

Metric ~ Conf *decision+ (1|ID) (8)

2.6 Cognitive modelling

For the cognitive modelling, the independent variables were
the time-to-arrival and distance gap conditions. The depen-
dent variables, obtained from the experiment, comprised
the decision output, the response times, and the confidence
judgements.

The premise of the investigated potential confidence
models is that they are an extension of decision models that
capture the decision behaviour and response times. Before
we constructed and evaluated the confidence models, we
first created and evaluated two different decision models: a
race model and a dynamic drift diffusion model.

2.6.1 Decision models

The baseline model of both decision models was the
dynamic drift diffusion model for left-turn gap acceptance
decision presented by Zgonnikov et al. 2020 [26]. This
dynamic drift diffusion model differs from the classical
drift-diffusion model in two aspects. Firstly, the drift-rate
is developing over time as a function of the time-varying
perceptual information (time-to-arrival and distance). Sec-
ondly, the decision boundaries are decreasing over time
and defined as a function of the time-to-arrival. Our pro-
posed dynamic drift diffusion model differed from the

baseline model by describing both left-turn gap acceptance
(“go”) and gap rejecting (“wait”) decisions. Furthermore,
it accounted for the effect of the distance gap on the
decision boundary in addition to the effect of the time-
to-arrival. As such, our models’ decision boundary is a
function of the time-to-arrival as well as of the distance
gap. The race model describes the decision process by two
competing independent decision accumulators for both “go”
and “wait” decisions [29], instead of using one evidence
accumulator for both decisions as in the dynamic drift
diffusion model. Our race model described the drift-rates
as well as the decision boundaries as a function of the
time-varying perceptual information, the time-to-arrival and
distance gap of the oncoming vehicle. In order to train both
decision models for “go” as well as “wait” decisions, we
defined a new loss function. This function was the sum of
the value of the weight least squares (WLS) for the four
different traffic conditions. The weight least squares were
defined as the sum of the “go” and “wait” weight least
squares in each traffic condition. We calculated them with
the use of vincentized distributions [30].

2.6.2 Confidence models

We built the confidence models based on the two de-
cision models by using the same evidence accumulator
for confidence judgements as for the decision making.
After obtaining the value of the evidence accumulator at
a confidence response time (CT), we translated it into a
confidence judgement. This translation was described by
a linear equation with two parameters, accounting for the
sensitivity to evidence and the intercept/bias. We trained
the confidence models using the root mean square er-
ror (RMSE, eq. 9) as a metric of the performance. The
RMSE describes the difference between the predicted mean
confidence judgements and the observed mean confidence
judgements:

2
RMSE — (Confyr —Confexp) ©)
N,
conf

COl’lfi = [.u-cnnf,go,iy .u-conf,wait,i] (1 0)

Meonf, decision,i contains the mean confidence values for the
four conditions in the specified decision, of the prediction or
the experiment. N,y is the number of measuring points, so
Neony = 4%2 = 8. For optimisation of the model parameters,
we made use of the “fmincon” function of MATLAB
R2020a.

3 RESULTS

This section elaborates on the results of our research.
To do so, it first presents the hypotheses we formulated.
Thereafter, the section discusses the findings.

3.1 Hypotheses

The main objective of this research was to investigate
how to model the confidence of a driver in left-turn gap
acceptance decisions. Therefore, we formulated various
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hypotheses and sub-hypotheses that were assessed in this
study. These are elaborated upon in this section. The
hypotheses correspond to the corresponding research ques-
tions as presented in the introduction.

3.1.1 Decision behaviour and response times

Our first hypothesis related to the relation between the time-
to-arrival and distance gap of the oncoming vehicle and
the decision outcome and response times. We expected to
observe a positive relation between the “go” decision prob-
ability and the time-to-arrival and distance gap conditions
(Hypothesis 1a, Hla), and a positive relation between the
decision response time and the time-to-arrival for both de-
cisions (H1b). This is similar to the findings of Zgonnikov
et al. 2020 [26] that the probability of making a gap
acceptance (“‘go”) decision as well as the decision response
times are affected by the perceptual information capturing
the time-to-arrival and distance gap. Their study showed
a positive relation between “go” decision probability and
the time-to-arrival and distance gap. Regarding decision
response times, they found a positive relation with the time-
to-arrival.

3.1.2 Confidence: time-to-arrival and distance gap

Secondly, we expected to observe a relation between con-
fidence and the present perceptual evidence, the time-to-
arrival, and the distance gap of the oncoming vehicle,
for both decision outcomes (H2). Earlier research has
shown that confidence judgements relate to the available
perceptual evidence towards a decision [8], [14], [5].

We hypothesised that confidence positively relates with
the time-to-arrival and the distance gap of the oncoming
vehicle in “go” decisions, and that it negatively relates with
these factors in “wait” decisions (H2.1). That is because
a larger time-to-arrival and distance gap gives the driver
more time and space to perform the left-turn, and a smaller
time-to-arrival and distance gap decreases the chance of
causing a collision. In other words, the time-to-arrival and
distance gap of the oncoming vehicle positively relate to
the amount of evidence in favour of the “go” decision and
negatively relate to the amount of evidence in favour of the
“wait” decision. However, we expected that the magnitude
of the relation between confidence and the perceptual
evidence depends on the decision outcome. To be specific,
we hypothesised that the time-to-arrival and distance gap
have a stronger effect on the confidence judgements for
“g0” decisions as on the confidence judgements for “wait”
decisions (H2.2).

3.1.3 Confidence: Decision response time and initial
throttle operation moment

Our third hypothesis was that decision response time is
negatively related to confidence (H3). Earlier confidence
research has shown that the longer participants need for
their evidence accumulation to reach a decision boundary,
the more their confidence decreases [14], [20]. We also
expected this to hold for left-turn gap acceptance (“go”)
decisions.

Moreover, we expected that the initial throttle operation
moment is related to the decision response time (H4). We
hypothesised that it can be used as a behaviour measure
of the decision response time for “go” decisions (H4.1).
That is because the initial throttle operation moment is the
moment in which the vehicle enters the intersection, which
can be considered the start of the execution of the turn.
For “go” decisions, that is the start of the execution of the
task. Moreover, we expected a negative relation between
the initial throttle operation moment and confidence (H4.2).
This is a result of the combination of our expectation
that the initial throttle operation moment is a measure
of the decision response time and the expected negative
relation between the indicated decision response time and
confidence (see H3).

3.1.4 Confidence: Action dynamics

We expected to observe a relation between the driving
behaviour action dynamics and the confidence judgements.
Specifically, we expected that the velocity profile and the
distance to the centre of the intersection are related to
confidence (HS), since the level of confidence is related to
task performance. Worse performance corresponds to lower
post-decision confidence judgements [7]. As a result, we
expected:

« to observe a negative relation between confidence on
the one hand and the root mean square deviation
of the velocity profile and distance to the centre of
the intersection on the other (H5.1). In other words,
that a worse performance is related to a decrease in
confidence, which we expected to be able to observe
by the enhanced deviation from a participants’ average
driving behaviour;

« that the level of confidence affects the driving be-
haviour action dynamic measures of “go” decisions to
a greater extent than those of “wait” decisions (H5.2).
That is because we assumed that the action dynamics
are only a measure of the execution of the decision for
“g0” decisions;

« to observe a negative relation between confidence on
the one hand and the maximum velocity and the
deviation from the individual mean for “go” decisions
on the other (H5.3), as we expected a higher velocity
during the execution of low confidence left-turn deci-
sions. We assumed that lower confidence judgements
in “go” decisions result in a more rushed execution,
as participants seek to avoid a collision;

« to observe a positive relation between confidence and
the deviation from the mean of the velocity profile
and that of the distance to the centre of the in-
tersection (HS.5), since poor performance and high-
risk driving behaviour (i.e., increased corner cutting
driving behaviour and high velocities) are related to
overestimation of performance [31], [32], [33].

3.1.5 Cognitive modelling

We hypothesised that the same cognitive evidence
accumulation process can be wused for modelling
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confidence judgements as for modelling the decision-
making process (H6a). Earlier confidence studies have
shown that these two cognitive processes are related to each
other [2], [10], [15], [9] [34]. Furthermore, earlier research
has concluded that both processes can be described by an
evidence accumulation process [14], [9], [28]. For the task
in this study, the sources of the perceptual evidence were
equal for both decision making and confidence judgement
processes.

We expected that the evidence accumulation process
can better be examined through a drift-diffusion model
than through a race model, as the drift-diffusion uses
one evidence accumulator describing both decisions, and
thereby is able to account for the interaction between both
decision outcomes (H6b). On the contrary, the race model
makes use of two independent accumulators describing
both decision outcomes, meaning it cannot account for a
potential interaction between the two.

Lastly, we hypothesised that the drift diffusion model
performs better when making use of post-decision evidence
accumulation (H6¢). That is because in a drift-diffusion
model without post-decision evidence accumulation, the
confidence response time is equal to the decision response
time. As such, the amount of evidence will per definition
be equal to the decision boundary, which implies that
confidence is only described by the decision response
time [14], [28]. Allowing for post-decision evidence
accumulation will lead to different time moments for
the confidence judgement and the response, which in
drift-diffusion models makes it possible to describe how
confidence relates to the evidence accumulation process.
For the race model, this problem does not occur as the
value of the losing evidence accumulator can be used for
the computation of confidence [14]. Therefor, we expected
that the effect of allowing for post-decision evidence
accumulation for the race model is indifferent (H6d). The
hypothesis that post-evidence accumulation is used for
confidence judgments is in line with findings of earlier
research [9], [11], [5], [10], [20].

We reflect on the obtained results regarding these hypothe-
ses in the sections below. All the presented results are based
on the aggregate data across all participants.

3.2 Decision behaviour and response times

We found that the drivers’ decision behaviour (Figure 3)
and response times (Figure 4A) are influenced by the time-
to-arrival and distance gap of the oncoming vehicle.

3.2.1 Decision behaviour

We performed a linear regression analysis between the
probability of making a “go” decision and the time-to-
arrival and distance gap of the oncoming vehicle. As
expected (Hla), we found a positive relation between the
probability of making a “go” decision and the time-to-
arrival (f = 9.2, p = 1.7e-19) and the distance gap (¢t = 19,
p = 4.5e-73) (table 1). As such, the probability of making

a “go” decision increased with larger time-to-arrival and
distance gap conditions. Consequently, the reverse proved
true for “wait” decisions: The probability of making a
“wait” decision decreased with larger time-to-arrival and
distance gap conditions.

Estimate  Std. Error  t-score  pValue
(Intercept)  -2.175 0.1562 -13.93  1.336e-41
TTA 0.1860 0.02031 9.157 1.659¢-19
Distance 0.01940  0.001016 19.09 4.508e-73

TABLE 1: Logistic regression table, describing the relation
between the decision probabilities and the TTA and distance
gap for “go” decisions, Ime: Prg, ~ dist + TTA+ (1|ID)
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Fig. 3: Average and individual mean gap acceptance de-
cision behaviour for different conditions of the oncoming
vehicle (time-to-arrival and distance gap).

3.2.2 Response times

Regarding the decision response times (RT), the results
of the linear regression analysis (Figure 4B, table 2)
demonstrated that for ‘“go” decisions, response times
are positively related to the time-to-arrival (¢t = 4.0, p =
6.5e-05) and to the distance gap (t = 4.4, p = 9.9e-06).

We found that the intercept and the effect of the time-to-
arrival are independent of the made decision. The results
showed an additional positive effect of 0.011 (r = 4.6, p =
5.5e-06) of the distance gap on the decision response time
for “wait” decisions compared to “go” decisions 0.0073
(F = 20, p = 9.9e-06). This resulted in a cumulative fixed
effect of the distance gap in “wait” decisions of 0.018
(F = 116, p = 4.6e-26). This additional positive effect
of the distance gap can potentially explain the observed
difference between the mean decision response times for
“g0” and “wait” decisions (Figure 4A), of respectively M
=17 (SD =0.43) and M = 2.3 (SDS = 0.66).

We assessed the influences of personal differences on
the reaction time by allowing for random effects in the
Ime model. These results (Appendix B) show an additional
slope for the “wait” decision (M = -0.036, SD = 0.66) for
seven participants.
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In short, response times positively relates to the time-to-
arrival for both decision outcomes as expected (H1b). In
addition, the distance gap also positively relates to the
response time. The distance gap influenced the decision
response time more for “wait” decisions than for “go”
decisions.

The relation between decision response time and the dis-
tance gap has not been found in the earlier study into left-
turn gap acceptance decisions by Zgonnikov et al. 2020[26],
which only found a relation between response times and the
time-to-arrival. The used time-to-arrival and distance gap
conditions in the experiment potentially explain this differ-
ence, as they result in different velocities of the oncoming
vehicle. In this study, the distance gap varied between 70
and 90 meters and the time-to-arrival between 5.5 and
6.5 seconds whereas the earlier study used a distance
gap variation between 90 and 150 meters and a time-to-
arrival variation between 4 and 6 seconds. As a result, in
this study the velocity of the oncoming vehicle ranged in
between 38.77 km/h and 58.91 km/h, while in the earlier
study the velocity ranged between 55 km/h and 135 km/h.
However, further research is required to investigate how
the time-to-arrival and distance gap conditions influence the
dependency of the decision response time on the distance
gap condition.

Estimate  Std. Error  t-score  pValue
(Intercept)  -2.175 0.1562 -13.93  1.336e-41
TTA 0.1860 0.02031 9.157 1.659¢-19
Distance 0.01940  0.001016 19.09 4.508e-73

TABLE 2: Results of regression analysis describing the
effect of the TTA and distance gap conditions on the
decision response time for “go” decisions and the effect
on “wait” decisions with respect to “go” decisions, RT ~
dist xdec+decx TTA+ (dec|ID).

3.3 Confidence

In this section, we evaluate our findings concerning: a) the
relation between confidence on the one hand and time-to-
arrival and distance gap on the other, b) the relation between
confidence on the one hand and the decision response time
and initial throttle operation moment on the other, and c)
the relation between confidence and measures of action
dynamics.

3.3.1 Time-to-arrival and distance gap

The results of the linear regression analysis of the relation
between confidence and respectively the time-to-arrival
and the distance gap conditions confirmed that the time-to-
arrival as well as the distance conditions affect confidence
(table 3, Figure 4B).

For “go” decisions (table 3), the results displayed a
positive relation between confidence on the one hand and
the time-to-arrival (b = 0.74, t = 12, p = 1.8e-32) and
distance gap (b = 0.034, r = 10, p = 1.85e-23) conditions

8
Estimate  Std. Error  t-score  pValue
Intercept -2.277 0.4975 -4.576  5.126e-06
TTA 0.7413 0.06104 12.14 1.830e-32
Distance 0.03361 0.003304 10.17 1.465e-23
RT -0.7411 0.08663 -8.554  2.841le-17
Wait decision 10.26 0.6763 15.17 1.599¢-48
Wait decision: TTA -1.123 0.0886 -13.06  5.231e-37
Wait decision: Distance  -0.04432  0.004790 -9.253 7.133e-20
Wat decision: RT 0.1349 0.1055 1.279 0.2013

TABLE 3: Results of regression analysis of the effect of
the RT, the distance gap and TTA conditions on confidence
judgements for different decision outcomes The reference
class in the Ime are the “go” decisions, so the found fixed
effects coefficients for “wait” decisions are relative to the
“g0” decision coefficients, Ime: Conf ~ RT x decision +
TTA xdecision+ distance x decision + (decision|ID).

on the other. The hypothesis test of the fixed effects for
“go” decisions confirmed these positive relations (critical
F-value, F < 3.85) for the time-to-arrival (F = 147, p =
1.8e-32) and the distance gap (F = 103, p = 1.4e-23). For
“wait” decisions, we observed, relative to “go” decisions,
a negative relation between confidence and respectively
the time-to-arrival (¢t = -13, p = 5.2e-37) and the distance
gap (t = -9.3, p = 7.1e-20). This negative relative relation
resulted in negative net estimate values of the fixed effects
of the time-to-arrival (b = -0.38, F = 40, p = 3.9e-10)
and distance gap (b = -0.011, F = 9.5, p = 0.0021) on
confidence in “wait” decisions. With these findings, we
proved that the relation between confidence on the one
hand and the time-to-arrival and the distance gap of
the oncoming vehicle on the other is positive for “go”
decisions and negative for “wait” decisions (H2.1).

The net fixed effects of the time-to-arrival and the
distance gap for “wait” decisions have a smaller absolute
magnitude and F-value compared to the fixed effects for
“g0” decisions. This indicates that confidence judgements
were less affected by the time-to-arrival and distance gap
conditions in “wait” decisions compared to “go” decisions.
This finding is in line with the hypothesis that “go”
decisions are more strongly affected by the time-to-arrival
and distance gap conditions (H2.2).

A potential explanation of this stronger effect of the time-
to-arrival and distance gap of the oncoming vehicle on
“g0” confidence judgements can be found in the different
implications of “incorrect” decisions for both decision
outcomes. Incorrect “wait” decisions involve no risks, as
an unnecessary waiting decision will not be punished. On
the other hand, an incorrect “go” decision comes with the
risk of causing a collision which is related to the time-to-
arrival and distance gap of the oncoming vehicle.
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Fig. 4: Average and individual mean A) decision response times, and B) confidence judgements, for different decision
outcomes (“‘go”/ “wait”) and different time-to-arrival and distance gap of the oncoming vehicle.

3.3.2 Decision response time and initial throttle oper-
ation moment

We investigated the relation between the decision response
time and the initial throttle operation moment on the one
hand and confidence on the other for the decision behaviour
in left-turn gap acceptance/rejection decisions. To do so,
we firstly assessed the relation between confidence and the
moment of indicating the decision, the decision response
time. Second, we examined the connection between the
latter and the initial throttle operation moment. Last, we
assessed the relation between confidence and the initial
throttle operation moment.

Confidence and decision response time

We found a negative correlation between the decision
response time and confidence (r = -0.27, p = 1.3e-27) for
all decisions. The linear regression model of the relation
between confidence, the response time, the distance
gap, and time-to-arrival conditions (eq. 6) accounts for
the fixed effect of the decision response time on the
confidence judgements (table 3). The results substantiated
the hypothesised (H3) negative relation (b = -0.74, t =
-8.6, p =2.84e-17) between confidence and response time
for “go” decisions. In addition, we observed no additional
significant effect of the response times in “wait” decisions,

meaning the effect of the response on confidence is
independent of the made decision.

The negative relation between confidence and decision
response time is in compliance with earlier confidence
research, which argues that less (qualitative) evidence
towards a decision results in a longer duration of evidence
accumulation before making a decision, which results in a
reduced amount of confidence [14], [20].

Decision response time and initial throttle operation
moment

The start of the execution of the turn — the moment
the participant enters the intersection - is indicated by
the initial throttle operation moment. We observed that
participants started driving before indicating their decision
in 47% of all the “go” and in 27% of all the “wait”
decisions (Figure 5). As a result, in this task it was not
possible to consider the initial throttle operation moment
as a “clear” behaviour-based indication of the response
time, which contradicts our hypothesis (H4.1). This finding
was substantiated by the moderate positive correlation
found between the decision response time and initial
throttle operation moment for “go” decisions (r = 0.28,
p = 1.6e-15) and the moderate negative correlation for
“wait” decisions (r = -0.24, p = 1.46e-11).
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Fig. 5: Distribution of the initial throttle operation moment
relative to the response time (button press), for ”go” and
“wait” decisions separately.

Confidence and initial throttle operation moment
Regarding the relation between confidence and the ini-
tial throttle operation moment, we observed a negative
correlation (r = -0.22, p = 1.16e-18) over all decisions.
To further investigate the relation, we performed a linear
regression analysis (eq. 7), which is similar to the one
used for the analysis of the relation between confidence
and the response time. The results (table 4) demonstrated
a negative relation between the initial throttle operation
moment and confidence (b = -0.34, t = -5.1, p = 4.1e-
07) for “go” decisions. For “wait” decisions, we found a
relatively positive fixed effect (b = 0.33, t = 4.7, p = 3.3e-
06) of the initial throttle operation moment on confidence
compared to “go” decisions. This additional effect levelled
out the effect of the initial throttle operation moment on
confidence found for “go” decisions (F = 213, p = 3.3e-45),
resulting in a net effect of -0.015 (F = 226, p = 1.2e-47) in
“wait” decisions. This indicates that the effect of the initial
throttle operation moment was strongly reduced for “wait”
decisions.

3.3.3 Action dynamics

The following section evaluates the relation between deci-
sion response time, confidence, and action dynamic mea-
sures. We considered two measures of action dynamics:
the velocity profile during the turn and the distance to the
centre of the intersection.

Velocity profile

We analysed the effect of confidence on the following
four metrics of the velocity profile: the root mean
square deviation, the deviation from the individual mean,
the deviation from the group mean and the maximum value.

The linear regression analyses of these metrics demonstrate
(Appendix C) that we did not observe relations between
confidence and respectively the deviation from the

10
Estimate ~ Std. Error  t-score pValue
Intercept -2.406 0.5163 -4.660 3.445e-06
TTA 0.6925 0.06356 10.90 1.125e-26
Distance 0.02978 0.003414 8.722 6.993e-18
T hrip: -0.3413 0.0671 -5.0871  4.086e-07
Wait decision 10.32 0.7073 14.58 3.325e-45
Wait decision: TTA -1.147 0.09024 -12.71 2.839¢-35
Wait decision: Distance  -0.05141  0.004853 -10.60 2.319e-25
wait decision: Thriy 0.3260 0.06981 4.670 3.273e-06

TABLE 4: Results of regression analysis of the effect of
the initial throttle operation moment (7 hr;, ), the distance
gap and TTA conditions on confidence judgements for
different decision outcomes. The reference class in the
Ime are the “go” decisions, so the found fixed effects
coefficients for “wait” decisions are relative to the “go”
decision coefficients, Ime: Conf ~ T hriy; xdecision+TTA x
decision+ distance x decision + (decision|ID).

individual mean, root mean square deviation and the
maximum value of the velocity profile. We only observed
a positive relation between the deviation from the group
mean of the velocity profile and confidence (b = 0.11, ¢
= 2.2, p = 0.028). For “wait” decisions, confidence had a
similar positive effect on the group mean as no additional
effect of the deviation from the group mean was observed.
The figure (Figure 6A) substantiates this positive relation
between confidence and the velocity profile for “go”
decisions. However, it also shows that the deviation is
minor.

The data thus suggest that decisions rewarded with
higher confidence judgements related to faster turns with
respect to the mean velocity profile. They should, however,
be interpreted with caution, given their relatively low
significance.

The independence of the relation between confidence and
the deviation from the group mean of the decision outcome
suggested that this metric indicates the relation between
confidence and someone’s general driving style, rather than
the relation between confidence in a particular decision and
the subsequent driving behaviour. If it had indicated the
relation between the two in a particular decision, a different
effect of the decision confidence on the subsequent driving
behaviour should have been observed between “go” and
“wait”. That is because for “go” decisions, the subsequent
driving behaviour, the performance of the turn, is a direct
measure of the execution of the decision which, like
confidence, is likely to be affected by the dynamics of
the oncoming vehicle. For “wait” decisions, the driving
behaviour can be considered a measure of the general
driving style, since the turn is performed after the decision
(waiting) has been made and the oncoming vehicle has
passed.

As a result, the relation between confidence and
the deviation from the group mean of the velocity
profile suggests that participants with higher confidence
judgements have a faster driving style compared to
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Fig. 6: Illustration of the group means values over time of the A) distance to the centre of the intersection, and the B)
velocity. The tertiles contains 1/3 of all trails over all participants within the specified decision (“go”/ ”wait”), the tertiles
represent the lowest, intermediate and highest confidence judgements.

other individuals. This is consistent with our hypothesis
regarding overconfidence in poor performance and high-
risk driving behaviour (HS.5). The phenomenon described
by Kruger and Dunning (1999) [31] that a stronger
overestimation of performance more often occurs with
lower performances could potentially explain the observed
behaviour. However, further research is needed to draw
any conclusions about the role of overestimation and
self-perception on the observed driving behaviour.

Distance to the centre of the intersection

The distance to the centre of the intersection provides an
indication of the travelled trajectory. In particular, this
measure indicates the presence of corner cutting behaviour.
For the distance to the centre of the intersection, we
examined the following four metrics: the root mean
square deviation, the deviation from the individual mean,
deviation from the group mean and the minimum value.

The performed regression analyses show (Appendix C)
that the deviation from the group mean and the minimum
value of the distance to the centre of the intersection were
affected by confidence.

Confidence showed a negative relation with the deviation
from the group mean (b = -0.16, t = -2.12, p = 0.035) as
well as with the minimum distance (b = -0.24, t = -2.40,
p = 0.017) for “go” decisions.

For “wait” decisions, we observed a positive relative
effect of confidence for both metrics (DMg,: b = 0.31,
t =23, p = 0.022, minimum: b = 0.58, + = 3.29, p =
0.0011). The hypothesis test showed that we cannot draw
conclusions from the accumulated fixed effect of the

deviation from the group mean for “wait” decisions. That
is because this effect (b = 0.15, F = 1.7, p = 0.20) was
found not to be significantly different from zero. On the
other hand, regarding the minimum distance, a positive
relation was found between the minimum distance (b
= 0.35, F = 5.2, p = 0.024) and confidence for “wait”
decisions.

The results hint towards a negative relation between
confidence and the deviation from the group mean of
the distance to the centre of the intersection, for “go”
decisions. This finding contradicts our hypothesis that
increased corner cutting behaviour, in general, is related to
higher confidence due to the overestimation of performance
(H5.5). On the contrary, the negative relation implies that
higher confidence decisions resulted in a turn closer to the
centre of the intersection (less corner cutting) relative to
the general average turn. For “wait” decisions, no relation
could be observed between this metric of the travelled
trajectory and confidence. The absence of this relation is
in line with our hypothesis (H5.2) that decision confidence
mainly affects “go” decisions.

In addition, we observed a relation between confidence
and the minimum distance to the centre of the intersection.
For “go” decisions, the minimum distance related
negatively to confidence, which confirms our hypothesis
(H5.4). This finding hints towards the presence of corner
cutting behaviour at low confidence “go” decisions. For
“wait” decisions, the minimum distance positively related
to confidence. The relation between a “risk-full” driving
style and overestimation of performance as described in
earlier studies may serve as explanation why participants



MASTER THESIS, MAY 15TH 2023

who had higher confidence judgements [31], [33], [32]
also tended to perform corner cutting behaviour in “wait”
decisions. However, further research is needed to confirm
this potential explanation.

It is important to note that the significance for all findings
regarding the relation between confidence and the distance
to the centre of the intersection was relatively low, meaning
additional research is required for verification. Figure 6B,
which illustrates the average distance to the centre of the
intersection for different confidence judgments, shows that
the observed relations are marginal for “go” decisions and
that for “wait” decisions distortions are present.

3.4 Cognitive modelling

In this paper, we presented and evaluated four potential
confidence models. The presented confidence models
assumed that the same evidence accumulator is responsible
for the decision-making process as for the confidence
judgement. The confidence models differed in terms of
the kind of decision model they were based on, as well
as whether or not they allowed for post-decision evidence
accumulation.

All the presented confidence models were an extension
of two different cognitive evidence accumulation decision
models (Figure 7). The decision models were based on a
dynamic drift-diffusion left-turn gap acceptance decision
model developed in an earlier study [26]. In the following
section, we first discuss the different decision models.
Thereafter, we evaluate the different potential confidence
models.

3.4.1 Decision models

Baseline decision model

The baseline drift-diffusion left-turn gap acceptance model
presented by Zgonnikov et al. 2020 [26] captures the cog-
nitive process responsible for the decision-making, based
on perceptual evidence. This section discusses the main
principles of this model. It describes that a decision is
made when the decision variable (x) reaches the decision
boundary (b). The authors defined the moment in time when
the decision boundary is reached as the decision response
time. They stated that the available perceptual evidence is
constructed of the time-to-arrival and the distance gap of the
oncoming vehicle. The model captured the gap acceptance
behaviour with one evidence accumulator. The study only
accounted for “go” decisions and the associated response
times, while “wait” decisions were not included.

In the baseline dynamic drift-diffusion model, the rate
of change of the decision variable (dx(¢), eq. 11) and the
decision boundaries (b(¢), eq. 12) were functions of the
time-varying perceptual evidence, described by the time-to-
arrival (TTA(t)) and the distance gap (d(t)). The decision
boundaries were solely a function of the time-to-arrival,
whereas the drift-rates were a function of the generalised
gap (g(¢), eq. 13). The generalised gap was defined as a

linear combination of the time-to-arrival and the distance
gap, in which the contribution of the distance gap relative
to the time-to-arrival is described by .

dx(t) = a(g(t) — Oupir)di + AW (11
b

bir) = (1 + e KITAW 7)) (12)

§(t) = TTA() + Bd(1 (13)

The noise present in the evidence accumulation was de-
scribed by a stochastic Wiener process (W). The drift-
rate parameter, & > 0, indicated the influence of the per-
ceptual information on the evidence accumulation process
relative to the noise. The critical value of the generalised
gap for which the drift-rate changes sign is described by
O.rir. The boundary parameters by, k>0 and 7 indicated
respectively the boundary scale parameter, the sensitivity of
the boundary and the value of the time-to-arrival at which
the boundary reaches the value of i%bo. Furthermore, the
model accounted for the present perceptual and response
delays by adding a non-decision time (fyp eq. 14) to the
predicted decision times of the model.

tnp = N(Unp, OnND) (14)

The non-decision time was normally distributed over all
samples with mean (uyp) and standard deviation (onp).

Modified decision models
The modified decision models developed in this study hold
that the drift-rates as well as the decision boundaries depend
on the time-varying perceptual evidence and are thereby
similar to the baseline model. The manner in which the
rate of change of the decision variable (dx(¢), eq. 11) is
described remains unchanged. However, we employed an
adjusted definition for the decision boundaries (b(t), eq. 15).
We described the decision boundaries as a function of the
generalised gap (g(¢), eq. 13). We did so in order to let the
model capture our findings that besides the decision output,
the response times are also related to the time-to-arrival and
the distance gap conditions. This differs from the baseline
model that described that the decision boundaries are solely
a function of the time-to-arrival [26]. The modified decision
boundaries can be described by the following equation:

b(t) - (1 +e—k(g(l)—9¢-rit))

5)

In this research, we considered two different modelling
methods — the dynamic drift-diffusion model and the
race model — in order to investigate what method can
most adequately describe the decision-making process
responsible for the left-turn gap acceptance and rejection
decisions. The main difference between the dynamic
drift-diffusion model and the race model is whether they
translate perceptual evidence into one or two decision
variables to predict the decision outcome.
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Fig. 7: Overview chart of the applied modelling method: the construction of four potential confidence models based on

one baseline decision model.

Drift-diffusion model

The dynamic drift-diffusion decision model described that
evidence for both potential decision outcomes can be cap-
tured by one evidence accumulation process (Figure 8A).
The process was defined by the following equations which
capture the change in the decision variable (dx, eq. 17) and
the decision boundaries (b(z), eq. 17):

dx(t) = ou(g(t) — Ocrir)dt +dW (16)
bo
(1 —|—eik(g(t)7ecrit))

A “go” decision is made when the decision variable (x)
first reaches the positive decision boundary and a “wait”
decision is made when it first reaches the negative decision
boundary. The first moment in which the decision variable
reaches the decision boundary defines the decision response
time.

The models’ drift-rate describes that the present percep-
tual information contributes to evidence accumulation in
favour of the “go” decision (towards the positive decision
boundary) until the moment in time in which the gener-
alised gap is smaller than its critical value (g(¢) < Ogpir).
The perceptual evidence contributes to the evidence accu-
mulation process in favour of the “wait” decision (towards
the negative decision boundary).

This model has seven free parameters

bo,k, Unp,OND).

b(r) =+ (17)

(aaﬁ7ecrit7

Race model
The race model (Figure 8B) included two independent

competing decision variables which are responsible for the
decision outcome [29]. Both decision variables are based
on the same present perceptual evidence and noise. How-
ever, the manner in which the present perceptual evidence
advocates in favour or against a decision outcome differs
between the two decision variables.

To simplify the model, we assumed that the boundary
scale parameters (bg) and the relative contribution of the
time-to-arrival and distance gap to the perceptual evidence
(B) are similar for both decisions. Regarding the decision
boundaries, we found that using independent boundary
scale parameters only led to negligible improvements in
the decision model (Appendix E). This indicates that a
similar amount of evidence is needed to make “go” and
“wait” decisions for similar values of the generalised gap.
Moreover, we considered the ratio between the time-to-
arrival and the distance gap in the observation of the
generalised gap identical for both decisions. That is because
the drivers’ observation of the generalised gap is likely to
be independent from the decision, which it precedes.

In the race model, the available perceptual evidence in
the left-turn gap acceptance decision is summarised by
the value of the generalise gap (g(¢)), which constitutes
the time-varying time-to-arrival and distance gap (eq. 13).
The results of our regression analysis indicated that the
time-to-arrival and the distance gap positively relate to the
probability of making gap acceptance decisions. This can
be explained by the decreasing chance of causing a collision
for larger generalised gap sizes. As a result, the chance of
causing a collision increases over time as the generalised
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Fig. 8: Illustration of evidence accumulation process for both decision models A) drift-diffusion model, B) race model.
The arrow indicates the evidence used for the confidence model V, (the direction of the arrow is defined as positive).

gap size decreases. The increasing probability of causing
a collision is reflected in the decreasing drift-rate for “go”
decisions and the increasing drift-rate for “wait” decisions.

To capture this behaviour, we defined the following two
equations for the rate of change in evidence (dXgecision) for
the two accumulators:

dxgo(t) = Olgo(8(t) — Ocrit go)dt +dW (18)
dXyair (t) = await(ecrit,go - g(t>)dt +dw (19)
i (20)

b(t) = (1 _I_efk(g(f)*ecrit))

As it is unknown whether the relative contribution of
the perceptual information is equal in both decisions, we
assumed the drift-rate parameter (Otecision) as well as the
critical value (Oi gecision) Of the generalised gap to be
decision dependent. It can be reasoned that perceptual
information potentially contributes less to the decision-
making process in “wait” decisions than in “go” decisions
(0go > al phaya;r). That is because the execution of the deci-
sion and the risk associated with “go” decisions are affected
by the time-to-arrival and distance gap of the oncoming
vehicle, which does not apply for “wait” decisions.

In addition, the critical value of the generalised gap is
potentially influenced by the nature of the decision. The
critical value of the generalised gap for “go” decisions de-
scribes the value of the generalised gap at which additional
perceptual evidence will disfavour the “go” decision. When
the generalised gap reaches this critical value, the drift-rate
becomes negative. On the other hand, for “wait” decisions,
the critical value of the generalised gap indicates the value
of the generalised gap after which additional perceptual
evidence will contribute to evidence accumulation in favour
of a “wait” decision, i.e., the value of the generalised gap in
which the drift-rate becomes positive. “Go” decisions are
accompanied by the risk of causing a collision, which may
result in a more conservative decision process. This leads to
a high critical value of the generalised gap, implying that

strong evidence is needed before someone makes a “go”
decision.
The race model has nine free parameters (0o, Obygir, B,

ecrit,gz)’ ecrit,waita bO’ k: UND, GND).

Results

We compared the performance of the decision models with
the use of the weighted least square (WLS, table 5). The
results show that both models had a somewhat similar
performance. However, the race model performed slightly
better. The higher performance of the race model does
not necessarily mean that the race model best captures the
cognitive process of the decision making. Its better perfor-
mance could be explained by the fact that the model offers
a more general description of the evidence accumulation
process due to the extra two free parameters.

The parameters of the race model show that the relative
contribution of the perceptual evidence () in the change
of the decision variable relative to noise was similar for
the two different decision variables. The contribution of
perceptual evidence was just slightly less for the decision
variable describing the “wait” decisions. Moreover, we ob-
served a different critical value of the generalised gap size
(Brir) for the two decisions. The critical value of the gap
size was larger for the “go” decisions evidence accumulator
compared to the “wait” decisions evidence accumulator.
This difference indicates that for “go” decisions, the sign
of the drift-rate changes (from positive to negative) at a
greater generalised gap compared to the gap size at which
the sign of the drift-rate for “wait” decisions changes (from
negative to positive). This difference cannot be captured by
a drift-diffusion model, in which by definition the change
in sign occurs at the same critical value as both decisions
are described by one accumulator.
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| WLS | « B k UND  OND Ocrir
DDM 1.54 1.12 0.109 1.41 0.396 1.51 0.140 14.0
Go: 1.06 Go: 14.0
Race | 133 | ypiilos 0108 121 0454 154 0128 00

TABLE 5: Drift-diffusion and race decision models: a) comparison of performance of the decision models, mean WLS
over 10 models, and b) parameter values found through optimisation.

3.4.2 Confidence models

In this section, we propose and evaluate different
confidence models. The different confidence models
were based on the two main theories of how evidence
accumulation is used in confidence judgements. The
first theory states that the same evidence is used for
decisions as for confidence judgements [14], [15], [34].
The second theory argues that decisions and confidence
judgements are based on different sets of evidence
and that confidence is based on post-decision evidence
accumulation [9], [11], [5], [10], [20] [13].

We applied both theories to the two different decision
models, as defined in the previous section. This resulted
into four potential confidence models (Figure 7). Models 1
and 2 were based on the dynamic drift-diffusion decision
model and models 3 and 4 were based on the race decision
model. The first theory regarding evidence accumulation
in confidence judgements applied for models 1 and 3,
whereas the second theory applied for models 2 and 4.
These latter two models allowed for post-decision evidence
accumulation.

Model principles

For the four proposed confidence models, we defined as a
premise that the evidence accumulation process responsible
for the decision-making process can be used to model
the process responsible for confidence judgements. The
manner in which the model uses the evidence accumulation
process depends on the used decision model and the theory
used to describe confidence. Specifically, the decision
model defines how the evidence accumulator(s) are used
as an input variable for the confidence model and the used
confidence theory determines the moment in time when
the confidence judgement is made (confidence response
time, CT).

Input variable

The drift-diffusion model-based confidence models (model
1 and 2) made use of the single decision variable accu-
mulator of the decision model. These models imply that
confidence judgements are related to the present evidence
in favour of the final decision outcome. We defined the
input variable (V,.(z)) for these confidence models as the
amount of evidence in favour of the made decision at time
moment ¢ (eq. 21).

V(t) = { EV(t)

decision ="Go”

decision = "Wait” @h

-EV(t)

In the race-model-based confidence models (model 3 and
4), we described that the confidence judgement depends

on the value of the evidence towards the losing/alternative
decision. For these models, we used as input variable the
negative value of the losing/alternative evidence accumu-
lator, described by the decision model, at time moment ¢
(eq. 22).

Ve(t) = —EVa(t) 22)

Confidence response time

The time moment t at which the input variable is evaluated,
the confidence response time (CT), is dependent on whether
or not post-decision evidence accumulation is allowed.
When post-decision evidence accumulation is not allowed
(model 1 and 3), the confidence response time is equal
to the decision response time (eq. 23) and is thus solely
defined by the decision model.

CT =RT (23)

This implies that we use the same value(s) of the evidence
accumulator(s) for both the decision-making process and
for the confidence judgement. For drift-diffusion models,
this implies that confidence relates to the value of the deci-
sion boundary at the response time. The decision boundary
is a function of time and as a result confidence is only de-
pendent on the response time [14]. For the race model, this
is not the case as the losing accumulator is defined as the
input variable (V,(¢)) which makes confidence depending
on the decision response time as well as on the accumu-
lated evidence. When additional evidence accumulation is
allowed (model 2 and 4), the evidence accumulation process
continues for an addition time interval after the decision is
made, the inter-judgement time (7).

CT =T+RT (24)

As a result, the value(s) of the evidence accumulator(s) used
for the decision making differ(s) from the value(s) used
for confidence judgements. This makes that confidence
depends on the accumulated evidence and confidence
response time for both decision models.

To describe how confidence judgements (Conf) are based
on the input variable (V.(¢)), we defined the following
equation (eq. 25):

C()}'lf = €0,dec + caecVe (t) (25)

The intercept cg 4, represents the bias of the confidence
judgement. The sensitivity parameter cz,. > O describes
the ratio between the contribution of the input variable
V,(t) and the confidence bias to the confidence judgement.
Both model parameters, describing the bias and the sensi-
tivity, depend on the decision. This relates to our earlier
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finding that for “go” decisions, confidence judgements are
differently biased and influenced in a different manner by
perceptual information than “wait” decisions.

Results

We compared the performance of the different confidence
models with the use of the RMSE relative to the
confidence ratings measured in the experiment. This
comparison showed that additional evidence accumulation
improved the model (model 2 and 4 in Figure 9 and
table 6). The results showed that additional evidence
accumulation in particular improved the ability of the
models to predict confidence judgements in “‘wait”
decisions. This holds for both the race as well as the
dynamic-drift-diffusion based confidence model. This
confirmed our hypothesis that allowing for post-decision
evidence accumulation improves the performance of the
drift-diffusion model (H6c). Our hypothesis that allowing
for post-decision evidence accumulation in the race model
would not have an effect (H6d) does not hold, as doing so
lead to improved performance. This finding substantiates
the confidence modelling theory that holds that confidence
is based on post-decision evidence accumulation, and
is in line with earlier, more fundamental research into
confidence [5], [10], [10], [9].

For the two models, we used 1.2 seconds as inter-
judgement time (7, Appendix E). Inter-judgement times
larger than this value did not improve or reduce the
performance of the confidence models. This indicates that
the evidence accumulation only continued for a relative
short period of time after the decision is made. To put
things in perspective, the average duration of making
the turn (time between the first moment of seeing the
oncoming vehicle and giving the confidence judgement)
was 3.06 seconds (SD = 0.498) for “go” decisions and
6.26 seconds (SD = 1.092) for “wait” decisions.

Furthermore, we observed that the confidence judgement
process is best predicted using the dynamic drift-diffusion
decision model (model 2), confirming our hypothesis (H6b).
This implies that confidence judgements are better de-
scribed by one evidence accumulator accounting for both
decision outcomes, instead of two independent evidence
accumulators for both decisions as described by the race
model. The higher performance of the drift-diffusion model
thus suggests that the interaction between both decision
processes plays a role in confidence judgements. Moreover,
this result shows that confidence is related to the positive
amount of evidence in favour of the made decision. The
research of Zylberberg et al. (2012) [28] did already show
that post-decision confidence is more strongly affected by
positive evidence in favour of the made decision than by
the negative evidence in favour of the alternative decision
in a simple perceptual task.

Finally, the fact that the drift-diffusion model that allows
for post-decision evidence accumulation functioned well
proves our hypothesis that the same evidence accumulation

| DDM Race model
CT = RT Model 1: 0.260 Model 3: 0.354
CT =RT + 7 | Model 2: 0.0951 Model 4: 0.144

TABLE 6: Performance of the different confidence models:
RMSE relative to the confidence ratings measured in the
experiment, average over 4 separate models.

process can be used for modelling confidence judgements
as for modelling decision outcomes (H6a).

4 DISCUSSION AND CONCLUSIONS

The cognitive processes responsible for decisions and
confidence judgements are closely related to each other
[1], [18], [6], [28]. However, until now, limited applied
research had been conducted into decision confidence.
Insights about confidence judgements in dynamic real-life
tasks can be of value for several applications, for example
improving driver assistance systems that consider the
confidence of drivers.

In addition, an improved understanding of human
cognition can lead to better human machine interaction
as argued in previous literature [21] [35]. In this study,
we focused on one aspect of human cognition: the
decision confidence. We did so in order to obtain a better
understanding of the decision confidence of drivers for
left-turn gap acceptance decisions. Such an increased
understanding may contribute to an improved ability to
model (associated) cognitive processes which may increase
the safety and efficiency in traffic [22].

The study comprised analyses of the relation between
self-reported confidence and the time-to-arrival and the
distance gap, the relation between decision response time
and the initial throttle operation moment, and the effect
of confidence on the velocity profile and on the distance
to the centre of the intersection. Moreover, we modelled
the cognitive process that describes decision making be-
haviour, response times and the accompanied confidence
judgements.

4.1

In this study, we measured the amount of confidence
participants had in their left-turn gap acceptance/rejection
decisions for different time-to-arrival and distance gap
conditions with the use of post-decision self-reports. The
relation between the present amount of perceptual evidence
and observed confidence judgements can be used to validate
the use of post-decision self-reports as a measurement
method of confidence in a dynamic driving task. In order to
validate the measurement method, our results should show
similarities with the results of earlier confidence studies
on the relation between the present (perceptual) evidence
and confidence. Earlier confidence studies describe that a
higher quality as well as a higher quantity of evidence
towards a decision should result into higher confidence

Measuring confidence through self-reports
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Fig. 9: Comparison of different confidence models, based on different decision models (drift-diffusion and race models)
and with or without allowance for additional evidence accumulation. The additional evidence accumulation for the
confidence response time (CT) is described by the presence of an additional inter-judgement time (7). The figures show
the mean and 95% CI of the observed (data) and predicted (model) confidence judgments; A) drift-diffusion based
confidence model without additional evidence accumulation; B) drift-diffusion based confidence model with additional
evidence accumulation of 1.2 seconds (7 = 1.2 s); C) race model without additional evidence accumulation; D) Race

model with additional evidence accumulation of 1.2 seconds (7 = 1.2 s).

judgements [14], [5], [9].

For our research, this means that for example, the com-
bination of a large time-to-arrival and a large distance gap
should result in more solid confidence judgements than a
combination of a large time-to-arrival and a small distance
gap. That is because large time-to-arrival and distance
conditions advocate for “go” decisions and against “wait”
decisions, and vice versa. In practical terms, there is more
space available to make a turn at larger time-to-arrival and
distance conditions. The data confirmed that in large time-
to-arrival and distance conditions, the participants rewarded
“g0” decisions with a higher confidence judgement than

in smaller time-to-arrival and/or distance gap conditions.
For “wait” decisions, we observed the reverse relation
(Figure 4B). This observed pattern between perceptual in-
formation and confidence judgements supports the validity
of our approach of measuring confidence as it corresponds
to the previous findings in the literature.

4.2 Response time and initial throttle operation
moment

We assessed the use of the initial throttle operation moment
as a behaviour measure of the response time. The results
of the regression analysis showed that the initial throttle
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operation moment only relates with confidence for “go”
decisions (b = -0.341, t = -0.341, p = 4.09e-07), and that
this relation is weaker than the relation observed between
confidence and the reported response times (b = -0.700, ¢
=-8.49, p = 4.99e-17). These two findings indicate that a)
the initial throttle operation moment cannot be used as a
measure of the decision response time for wait decisions,
and that b) when measured by using the initial throttle
operation moment, the decision response time, and thus its
relation with confidence, differs from the reported decision
response time.

The first finding can be linked to the difference in the
execution of the two decisions. That is because for “go” de-
cisions, the execution of the decision starts with entering the
intersection by operating the gas throttle, while for “wait”
decisions the execution of the decision means remaining in
the same position on the road. The second finding, regard-
ing the difference between the reported decision response
time and the initial throttle operation moment reported for
“g0” decisions, can be explained by the tendency of some
participants to drive along with the truck and thereby enter
the intersection without seeing the oncoming vehicle. This
occurred in 47.01% of all analysed “go” decisions.

4.3 Action dynamics: velocity profile and the dis-
tance to the centre of the intersection

The analysis of the action dynamic measures shows us
that not only the execution of the decision was affected
by confidence, but also that it is likely that confidence
affects general driving behaviour as we observed in “wait”
decisions. The results suggest that people with more
confidence have in general a faster driving style and tend
to cut corners more often in “wait” decisions.

For both the velocity profile as well as for the distance
to the centre of the intersection, we could not observe a
relation between confidence on the one hand and RMSD
and the deviation from the individual mean on the other.
The absence of these relations may suggest that driving
performance of individual participants is not (strongly)
affected by confidence. However, the absence does not
necessarily disprove the effect of confidence on the driving
behaviour of a participant, as it could be due to the small
sample size. In our study, the number of measurements per
participant per condition/choice combination was limited.
A more extensive study should be conducted to acquire a
solid picture of the effects of confidence on the driving
behaviour of an individual participant and to be able to
draw conclusions.

In addition, it is important to mention that all the results
regarding the relation between confidence and the action
dynamic measures in “wait” decisions should be interpreted
with caution. This is because these analyses were made
with respect to the initial throttle operation moment without
taking into consideration the fact that some participants
started driving before seeing the oncoming vehicle and
thus, before they could make a decision. This results in a

distortion in the mean value over time of the action dynamic
measures.

4.4 Cognitive modelling

We showed that the cognitive process responsible for
confidence judgements can be modelled with the same
evidence accumulator that is used to model the decision-
making process when accounting for additional evidence
accumulation. In order to translate the present evidence
expressed by the evidence accumulator into a confidence
judgement, we defined two additional confidence model
parameters that describe the sensitivity towards the present
evidence and the confidence bias. These additional model
parameters can potentially be related to the two main
factors that determine someone’s metacognitive ability: the
metacognitive sensitivity representing the reliability or ac-
curacy, and the metacognitive bias which can be described
as the calibration [36]. This can be used to explain the
observed differences between individuals, something that
may be of interest for future research.

4.5 Limitations

This study has certain limitations due to the set-up we used
and the defined scope of the research. These limitations
concern the experiment set-up, the influence of personal
differences, and the aspects of the cognitive process
responsible for confidence judgements as accounted for in
the confidence models.

Regarding the measuring of confidence, the study indicated
that confidence in a dynamic task can be measured with
post-decision confidence ratings. The main advantage
of using a self-report-based measurement method is that
confidence judgements are directly measured [18].However,
the disadvantage of this method, which has not been
taken into account in this study, is that measurement
errors and strategic biases can cause distortion in the
measurement [27], [18]. For example, participants may not
be willing to give an honest confidence judgement because
of pride or perceived expectations they want to live up to.
In our experiment, participants were asked explicitly
to report their confidence at the decision moment
(decision response time). However, the modelling results
suggest that participants were not able to do so. They
show that confidence judgements in this task are best
explained when taking into account additional evidence
accumulation. In other words, self-reports cannot be used
to measure confidence at a specific past moment in time
as participants arguably (unconsciously) continue with
evidence accumulation which affects their retrospective
confidence judgement. Further research is required to
assess to what extent additional post evidence accumulation
affects confidence. Such research could make a comparison
between self-reported confidence at the decision response
time and self-reported confidence at the end of the turn.
Another limitation of the use of self-reports is that they
can only be used in a controlled experimental set-up, as
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they interrupt the driving task. This disadvantage also
applies to the use of button presses in order to measure
decision response times, as the button press cannot be
directly applied in every driving task.

The results of this study demonstrated that the confidence
of a driver in left-turn gap accepting decisions is affected
by the time-to-arrival and distance gap of the oncoming
vehicle, besides individual differences. We made use of the
aggregate data for the regression analysis and allowed for
individual differences with random intercepts. However,
we did not investigate or account for the causes of these
individual differences. Earlier research has shown that
individual differences can be caused by differences in self-
concept, the level of metacognitive skills, the level of skills
and (the amount of) experience [8], [7], [17], [31], [27].

Regarding the modelling of confidence, we limited the
scope of the research by only considering dynamic
drift-diffusion and race models as basis models for our
confidence models. Thereby, the evidence accumulation
process was only described by one decision variable
accounting for both decisions (dynamic drift-diffusion
model) or by two independent decision variables for both
decisions (race model). However, other decision models
are known in the literature that describe that the evidence
accumulators of the two decisions are constructed from
a dependent and independent part [28], [29]. Additional
research would be needed to investigate whether using
these kinds of models leads to an improved confidence
model.

Moreover, in order to simplify the models, we assumed
for our confidence models that allow for post-decision
evidence accumulation that the drift-rate can continuously
be described by the same equation. However, it can
be questioned to what extent this assumption is true.
For instance, it can be argued that the contribution of
new perceptual evidence reduces after the decision is
made. Follow-up research could explore how the evidence
accumulation after the decision has been made can best be
described.

Lastly, the values of the model parameters of the decision
models as well as the confidence models were found
with the use of the “fmincon” function of MATLAB (see
Appendix E). This optimisation method searches for a
local minimum which makes the outcome dependent on the
initial parameter values used. In this study, we chose not to
use an optimisation method that is able to find the global
minimum, which in hindsight would have been preferable
to obtain more certainty about the parameter values.

4.6 Conclusions

The study addressed, among other things, the relation
between confidence and the time-to-arrival and distance
gap of the oncoming vehicle, the decision response time,
and the action dynamics of the performed turn. Moreover,

we investigated whether confidence judgements can be
captured by a cognitive model which has as a premise that
confidence and decisions are based on the same evidence
accumulation process.

We can draw the following conclusions regarding these
topics:

« the time-to-arrival and distance gap of the oncoming
vehicle affect the confidence judgements. In particular,
confidence in “go” decisions is positively related to
the time-to-arrival and the distance gap. Confidence
in “wait” decisions relates negatively to the time-to-
arrival and distance gap. Furthermore, confidence in
“g0” decisions is more strongly affected by the time-
to-arrival and distance gap of the oncoming vehicle
compared to confidence in “wait” decisions.

« confidence relates negatively to the indicated decision
response time regardless of the decision outcome.
In addition, the start of the execution of the turn,
indicated by the initial throttle operation moment,
relates negatively to confidence for “go” decisions.

« the velocity profile during the turn and the distance
to the centre of the intersection seem to relate to the
confidence of the participant. Participants who were
more confident in their decision drove faster through
the intersection. For “go” decisions, low confidence
judgements appeared to be associated with corner
cutting behaviour.

« participants’ reported confidence in left-turn gap ac-
ceptance/rejection decisions can best be explained by
a confidence model based on a drift-diffusion decision
model which accounts for post-decision evidence ac-
cumulation.
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APPENDIX A - FIGURES, LME MODELS
Decision behaviour
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Confidence
Conf ~ RT xdecision+distancexdecision+TTAxdecision+ (decision|ID)
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Fig. 12: Linear mixed effects model of confidence based
on the decision response time, distance, time-to-arrival and
decision

Conf ~ Thriy xdecision+distance xdecision+TTA xdecision+ (decision|ID)

Go Wait
481 481
—&— Model 70 m
461 46+ —=&— Data 70m
Model 90 m
44 445 Data 90m
42t /’ 42f
e 4r e . 4+
£ £
e | E_ 1 ¢
=38 9 =38
o o
o ‘ / o
36 36 \
q
341 / VI »
|
32 32} \
X
3r 3r
28 . . . 28 . . .
55 6 6.5 55 6 6.5
Time-to-arrival (TTA), s Time-to-arrival (TTA), s

Fig. 13: Linear mixed effects model of confidence based
on the initial throttle operation moment, distence, time-to-
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APPENDIX B - RANDOM EFFECTS

In order to account for the effects of individual differences
between participants, all regression models have a random
effects term (1] ID) or (decision | ID).

Decision behaviour

We investigated the influence of the distance and time-
to-arrival conditions by using the following linear mixed
effect model: Pr,, ~ distance+TTA + (1|ID) The random
effects describing the influence of individual differences has
a standard deviation 0.3978 of and 95% confidence interval
of [0.3839, 0.4122]. For ten of the seventeen participants,
an additional (& = 0.05) intercept was found (table 7).

Estimate  pValue
0.13796 0.034472
-0.24048  0.00023872
0.13491 0.037971
-0.21088  0.0013205
0.42177 1.2186e-10
-0.26047  6.7498e-05
-0.15967  0.01408
0.1417 0.033149
-0.42763  1.1548e-09
0.34158 1.7393e-07

TABLE 7: Random effect coefficient of the intercept for
the decision probability, capturing individual differences.

Response time

The effect of the time-to-arrival and distance conditions was
investigated with the following linear mixed effects model,
RT ~ distance * decision + TTA x decision+ (decision|ID).
The model accounts for individual differences with the
random effects, consisting of a random intercept and a
random decision slope (additional term for “wait” decision)
(Table 8).

Std 95% CI interval

0.25022  0.16431, 0.38105
0.34325  0.22103, 0.53306

Intercept
Wait decision

TABLE 8: Random effects for the linear mixed effects
model of the response time (RT), describing the influence
of individual differences for different decision outcomes.

We found a random effect (& = 0.05) of the intercept for
six participants (Table 9) and an additional random effect
for the wait decision for seven participants (Table 10).

Confidence (RT)

The effects of the response time, time-to-arrival and dis-
tance on confidence were investigated with the following
linear mixed effects model: Conf ~ RT xdecision+ TTA x
decision + distance * decision + (decision|ID) The model
accounts for individual differences with the random effects,
consisting of a random intercept and a random decision
slope (additional term for “wait” decision) (see table 11).

23

Estimate  pValue
-0.32815  0.0051979
0.37553 0.0020354
-0.27047  0.021912
0.74597 1.1226e-09
-0.29145  0.012199
0.7309 0.0013217

TABLE 9: RT: Random effect coefficient of the intercept,
capturing individual differences.

Estimate  pValue
0.51067 1.2307e-09
-0.5062 1.2217e-07
0.20642  0.015385
-0.23606  0.0018559
-0.25012  0.0022344
0.18155  0.032157
-0.25454  0.00091624

TABLE 10: RT: Random effect coefficient of the “wait”
decision, describing individual differences

Std 95% CI interval

0.51158  0.34788, 0.75232
0.48767  0.31956, 0.74422

TABLE 11: Random effects for the linear mixed effects
model of confidence (response time), describing the influ-

ence of individual differences for different decision out-
comes.

Intercept
Wait decision

We found a random effect (& = 0.05) of the intercept for
five participants (table 12) and an additional random effect
for the wait decision for nine participants (table 13).

Estimate  pValue
-0.42034  0.038575
-0.56695  0.004159
0.63415 0.0014371
1.0984 6.1472e-08
-0.61043  0.009719

TABLE 12: Confidence (RT): Random effect coefficient of
the intercept, capturing individual differences.

Estimate  pValue
0.66059 0.00014618
-0.49468  0.0026842
-0.58171  0.00071363
0.35686  0.039236
0.97672 2.7953e-10
-0.67047  5.7792e-05
-0.51608  0.010064
-0.6033 0.00097385
0.54496  0.0014252

TABLE 13: Confidence (RT): Random effect coefficient of
the “wait” decision, describing individual differences
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Confidence (RT)

The effects of the response time, time-to-arrival and dis-
tance on confidence were investigated with the following
linear mixed effects model: Conf ~ Thriy, x decision +
TTA x decision + distance * decision + (decision|ID) The
model accounts for individual differences with the random
effects, consisting of a random intercept and a random
decision slope (additional term for “wait” decision) (see
table 14).

Std 95% CI interval

Intercept 0.45881  0.31474, 0.66882
Wait decision  0.49196  0.32783, 0.73825

TABLE 14: Random effects for the linear mixed effects
model of confidence (throttle), describing the influence of
individual differences for different decision outcome.

We found a random effect (¢ = 0.05) of the intercept
for four participants (table 15) and an additional random
effect for the wait decision for nine participants (table 16).

Estimate  pValue

-0.6084 0.003291
0.75733 0.00024556
1.1477 3.4713e-08
-0.62541  0.010011

TABLE 15: Confidence (CT): Random effect coefficient of
the intercept, capturing individual differences.

Estimate  pValue

0.51859 0.0054811
-0.57188  0.00063699
0.34505 0.039499
0.94403 4.177e-10
-0.54311  0.00075716
-0.58911  0.0027873
-0.4385 0.013682
-0.3781 0.016327
0.53283 0.001304

TABLE 16: Confidence (CT): Random effect coefficient of
the “wait” decision, describing individual differences
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APPENDIX C - ACTION DYNAMICS, LME

The effect of confidence on the two measures of
action dynamics, velocity profile and distance to
centre of intersection, was investigated with the linear
mixed effects models who is defined in general by:
Metric ~ Conf *decision+ (1|ID).

For both measures four different metrics were taken into
account: maximum/minimum value, deviation from the
individual mean, deviation from the group mean and the
RMSD.

Velocity

Maximum velocity

Estimate Std. Error  t-score pValue
Intercept 9.9337 0.44954 22.097 3.8434e-94
Confidence 0.097675  0.080369 1.2153 0.22442
Decision wait -0.26592  0.40842 -0.65111  0.51508
Decision wait: conf.  -0.13321 0.10769 -1.237 0.21629

TABLE 17: Fixed coefficients of the linear mixed effects
model describing the relation between confidence and the
maximum value of the velocity profile.

Std 95% CI interval
1.3148  0.92872, 1.8612

Intercept

TABLE 18: Random effects of the linear mixed effects
model describing the relation between confidence and the
maximum value of the velocity profile.

Deviation from the individual mean

This model has a Hessian matrix with NaNs or Infs, which
indicates that the model has more covariance parameters
than supported by the data.

Estimate Std. Error  t-score pValue
Intercept -0.18554  0.16697 -1.1112 0.26666
Confidence 0.047861  0.04165 1.1491 0.25069
Decision wait 0.051122  0.22532 0.22689  0.82054
Decision wait: conf.  -0.01007  0.058309 -0.1727  0.86291

TABLE 19: Fixed coefficients of the linear mixed effects
model describing the relation between confidence and the
deviation from the individual mean of the distance to the
velocity profile.

Std 95% CI interval
2.6211e-16 NaN, NaN

Intercept

TABLE 20: Random effects of the linear mixed effects
model describing the relation between confidence and the
deviation from the individual mean of the distance to the
velocity profile.

25
Deviation from the group mean
Estimate Std. Error  t-score pValue
Intercept -0.66223 0.29141 -2.2725  0.023197
Confidence 0.10768 0.048922 22011 0.027879
Decision wait 0.75535 0.24851 3.0396  0.0024095
Decision wait: conf.  -0.092263  0.065537 -1.4078  0.15939

TABLE 21: Fixed coefficients of the linear mixed effects
model describing the relation between confidence and the
deviation from the group mean of the velocity profile.

Std 95% CI interval
0.90075  0.63756, 1.2726

Intercept

TABLE 22: Random effects of the linear mixed effects
model describing the relation between confidence and the
deviation from the group mean of the velocity profile.

RMSD
Estimate Std. Error  t-score pValue
Intercept 0.98234 0.16598 5.9184 4.0042e-09
Confidence -0.060233  0.035916  -1.6771  0.093731
Decision wait 0.5175 0.1831 2.8263 0.0047707
Decision wait: conf. ~ 0.0314 0.048229  0.65106  0.51511

TABLE 23: Fixed coefficients of the linear mixed effects
model describing the relation between confidence and the
RMSD of the distance to the velocity profile.

Std 95% CI interval
0.35621 0.24773, 0.5122

Intercept  Intercept

TABLE 24: Random effects of the linear mixed effects
model describing the relation between confidence and the
RMSD of the distance to the velocity profile.
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Distance to the centre of the intersection

Minimum distance

Estimate  Std. Error  t-score pValue
Intercept 2.9981 0.44352 6.7598 5.1678e-11
Confidence -0.23771  0.099158 -2.3973  0.016996
Decision wait -2.0648 0.63656 -3.2437  0.0012833
Decision wait: conf.  0.58373 0.17745 3.2896 0.0010964

TABLE 25: Fixed coefficients of the linear mixed effects
model describing the relation between confidence and the
minimum value of the distance to the centre of the inter-
section.

Std 95% CI interval
0.5162  0.33623, 0.79252

Intercept

TABLE 26: Random effects of the linear mixed effects
model describing the relation between confidence and the
minimum value of the distance to the centre of the inter-
section.

Deviation from the individual mean

This model has a Hessian matrix with NaNs or Infs, which
indicates that the model has more covariance parameters
than supported by the data.

Estimate Std. Error  t-score pValue
Intercept 0.39735 0.2677 1.4843 0.13854
Confidence -0.093318  0.061783 -1.5104  0.13176
Decision wait -0.68784 0.42704 -1.6107  0.10807
Decision wait: conf.  0.17391 0.11438 1.5204 0.12922

TABLE 27: Fixed coefficients of the linear mixed effects
model describing the relation between confidence and the
deviation from the individual mean of the distance to the
centre of the intersection.

Std 95% CI interval
0.87233  0.81299, 0.936

Intercept

TABLE 28: Random effects of the linear mixed effects
model describing the relation between confidence and the
deviation from the individual mean of the distance to the
centre of the intersection.
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Deviation from the group mean

Estimate  Std. Error  t-score pValue
Intercept 0.6499 0.34919 1.8612 0.063485
Confidence -0.16022  0.07554 -2.121 0.034561
Decision wait -1.0952 0.48139 -2.2752  0.023449
Decision wait: conf.  0.31137 0.13551 2.2978 0.022111

TABLE 29: Fixed coefficients of the linear mixed effects
model describing the relation between confidence and the
deviation from the group mean of the distance to the centre
of the intersection.

Std 95% CI interval
0.53949  0.36685, 0.79338

Intercept

TABLE 30: Random effects of the linear mixed effects
model describing the relation between confidence and the
deviation from the group mean of the distance to the centre
of the intersection.

RMSD

Estimate Std. Error  t-score pValue
Intercept 1.5326 0.23493 6.5236 2.1758e-10
Confidence -0.099826  0.052983 -1.8841 0.06031
Decision wait -0.31994 0.34164 -0.93646  0.34963
Decision wait: conf.  0.12392 0.094796 1.3072 0.19193

TABLE 31: Fixed coefficients of the linear mixed effects
model describing the relation between confidence and the
deviation from the group mean of the distance to the centre
of the intersection.

Std 95% CI interval
0.24169  0.15303, 0.38172

Intercept

TABLE 32: Random effects of the linear mixed effects
model describing the relation between confidence and the
RMSD of the distance to the centre of the intersection.
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APPENDIX D - CORRELATIONS

In the research, several potential correlations were investi-
gated:
1) Decision response time — Initial throttle operation
moment
2) Confidence — Decision response time
3) Confidence — Initial throttle operation moment

Decision response time - Initial throttle operation
moment

Decision  Correlation coefficient (r)  pValue

All 0.2332 2.0647¢-20
Go 0.2818 1.6121e-15
Wait -0.2409 1.4624e-11

TABLE 33: Correlation coefficients between decision re-
sponse time (RT) and the initial throttle operation moment.

Confidence - Decision response time

Decision  Correlation coefficient (r)  pValue

All -0.2729 1.2874e-27
Go -0.2114 3.1298e-09
Wait -0.2490 2.8442¢-12

TABLE 34: Correlation coefficients between confidence
and the decision response time (RT).

TTA\distance | 70 m

-0.49 (p=4.13e-06)
-0.22 (p=0.0062)

90 m

20.34 (p=2.5¢-07)
-0.35 (p=2.5¢-10)

5.5 seconds
6.5 seconds

TABLE 35: Correlation coefficients between RT and con-
fidence judgements — in each traffic condition for ”Go”
decisions.

TTA\distance | 70 m 90 m
5.5 seconds -0.23 (p=6.4e-05) -0.24 (p=0.0028)
6.5 seconds -0.19 (p=0.0038) -0.13 (p=0.27)

TABLE 36: Correlation coefficients between RT and con-
fidence judgements — in each traffic condition for “wait”
decisions.
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Confidence - Initial throttle operation moment

Decision  Correlation coefficient (r)  pValue

All -0.2224 1.1645e-18
Go -0.2735 1.1195e-14
Wait -0.1591 9.8448e-06

TABLE 37: Correlation coefficients between confidence
and the initial throttle operation moment.

TTA\distance | 70 m 90 m

-0.46 (p=4.0e-13)
-0.27 (p=1.5e-06)

5.5 seconds
6.5 seconds

-0.44 (p=3.3e-05)
-0.37 (p=2.5¢-06)

TABLE 38: Correlation coefficients between initial throttle
operation moment and confidence judgements — in each
traffic condition for ”Go” decisions.

90 m

-0.089 (p=0.28)
-0.32 (p=0.0040)

TTA\distance | 70 m

-0.055 (p=0.35)
-0.21 (p=0.0014)

5.5 seconds
6.5 seconds

TABLE 39: Correlation coefficients between initial throttle
operation moment and confidence judgements — in each
traffic condition for ’wait” decisions.
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APPENDIX E - OPTIMISATION OF MODEL PA-
RAMETERS

For optimisation of the model parameters, we made use of
the “fmincon” function of MATLAB R2020a. The function
searches for the set of parameters which result in a (local)
minimum of the loss function of the performance of the
model.

Lossfunctions

For the loss functions of the performance of the models, we
made use of the weight least squares (WLS) and the root
mean square error (RMSE) for respectively the decision
and confidence models.

Decision models

To train the decision models, we made use of a newly
defined loss function build up from the WLS of the
model prediction. The WLS was calculated with the use
of vincentized distributions [30]. For each of the four
different conditions present in the experiment, the WLS was
calculated, using two separate terms describing the WLS for
“g0” and “wait” decisions. The total sum of the WLS over
all conditions was used as loss function.

Confidence models

For the confidence models, the root mean square error
(RMSE) was used as loss function, which can be described
by the following equations:

_ 2
RMSE — Z(Confpr Confexpr)
N.onf

Confi = [.uconﬁgo,ia .uconfwait,i]

Meonf decision,i contains the mean confidence values for the
four conditions in the specified decision of the prediction
or the experiment. N,y is the number of measuring
points, 50 Negpp =4 %2 = 8.

Parameters

The “fmincon” function starts searching for an optimal set
of parameters round an initial set of parameters, which must
be defined in advance.

Decision model

The initial set of parameters used to train the decision
models was obtained with the use of the optimisation
code “03_fit_model.py” which accompanied our baseline
decision model [26]. This optimisation was focused on the
prediction of left-turn gap acceptance decision behaviour
by a dynamic drift diffusion model only accounting for
“g0”-decisions. This set of initial parameters was as a
result not able to predict wait decisions accurately.

28

The newly defined loss function was used in combination
with the found initial parameters to find the parameter set
describing both “go” and “wait” decisions for a dynamic
drift-diffusion model and for a race model.

| WLS | « beta by Kk td  oud O
Initial | 3.08 | 0.985 0.101 114 0357 140 0.117 137
DDM | 153 | 112 0109 141 039 151 0140 140

TABLE 40: Initial trained model ("go”) and DDM models
(’go” and “wait”): a) comparison of performance of the
decision models, mean WLS over 10 models, b) parameter
values found through optimisation.

For the race model, the drift-rate parameter (¢t) is assumed
to be decision dependent. Besides, we investigated the
effect on the performance of the model by decision
dependent initial boundaries (bg) and critical values of
the generalised gap (6.). The present non-decision
time, the sensitivity of the boundary and the definition
of the generalised gap were defined as being decision
independent, i.e., similar for both evidence accumulators.
In order to test the optimisation method used, we also
investigated the effect on the performance of the model
by defining all model parameters decision dependent. If
all model parameters are decision dependent, this should
result in the best performance (lowest WLS).

The results of the parameter optimisation showed that the
race model with decision dependent drift-rate parameters
and the race model with both decision dependent drift-
rate parameters as well as critical values of the generalised
gap resulted the highest improvement of the performance
(lowest WLS-values). These results are based on the initial
parameter set of the drift-diffusion model which was not
able to predict both “go” and “wait” decisions. Therefore,
we additionally investigated whether the use of the optimal
parameters for the drift-diffusion model could improve the
optimisation of the race model with decision dependent
drift-rate parameters and the race model with both decision
dependent drift-rate parameters as well as decision depen-
dent critical values of the generalised gap. Thereby, we
found that the race model is able to describe the decision
behaviour with the decision dependent drift-rate parameter
and the critical generalised gap value trained with the use
of the drift-diffusion model parameters describing “go” and
“wait” decisions (table 41 and table 41, Figure 15).
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Fig. 14: Performance of drift-diffusion decision model, trained for ”go” decisions (initial parameters).

| WLS | «o B by k UND OND Ocrir
race Go: 0.838
(o) 1.67 Wait: 0.901 0.117 1.49 0.38 1.50 0.326 14.2
race Go: 1.52 Go: 0.504
(a&ehy) 2.62 Wait:1.32 0.0938 Wait:0.500 0.101 1.85 0.207 13.3
race Go: 1.03 Go: 13.8
(8Opri) 1.73 Wait: 1.13 0.112 1.21 0.341 1.51 0.123 Wait: 13.7
race 048 Go: 0.810 Go0:0.0988 Go0:0.966 Go:0.394 Go:1.35 Go:0.131 Go:13.8
(all) ’ Wait:1.47 Wait:0.102  Wait:1.17 Wait:0.390  Wait:1.84  Wait:0.124  Wait:13.8

TABLE 41: Race model mean performance (WLS) over 10 models, trained with initial parameters. Influence of different

decision dependent parameters.

| WLS | o B k bo UND  OND Ocrit
race Go: 1.05
(o) 1.73 Wait: 1.24 0.105 124 0413 153 0.129 137
race Go: 1.06 Go: 14.0
(& & Oupit) 1.33 Wait: 1.05 0.108 1.21 0454 154 0.128 Wait: 13.5

TABLE 42: Race model mean performance (WLS) over 10 models, trained with initial parameters. Influence of different

decision dependent parameters.

Confidence models

The confidence models presented in this paper were
built on the decision model by adding four additional
free parameters, describing sensitivity and bias for both
decisions, and by potentially allowing for additional
evidence accumulation.

Sensitivity and bias parameters

The initial values of the additional confidence model
parameters describing sensitivity and the bias were
found using a linear regression model of the relation
between confidence and the input value (V.). However,
the sensitivity parameters can only be positive and linear
regression models cannot be constrained. As a result,
we trained the confidence models with the use of the
“fmincon” function, thereby including the constraint that
the sensitivity parameters should be positive.

Inter-judgement times

Two of the four confidence models accounted for additional
evidence accumulation after the decision was made. The
time evidence continues to accumulate, inter-judgement
time (7), could not be measured during the experiment
and thus had to be modelled. In order to do so, the effect
of the different values of the inter-judgement time on the
RMSE was calculated manually, over a time scale from
zero to 2.5 seconds with a time interval of 0.01 seconds
(Figure 16). The RMSE of the confidence models with a
specific inter-judgment time, used in the comparison of the
effect of different inter-judgement times, was defined as
the mean RMSE over 5 models. The model parameters
of the confidence model were fitted separately for each
investigated inter-judgment time with the use of a linear
regression model, where all sensitivity parameters smaller
or equal to zero were defined as zero due to the constraint
that the sensitivity parameters must be positive.



MASTER THESIS, MAY 15TH 2023 30

DDM Race Model
A Go Wait C Go Wait
100 100 100 ¢ 100
—@— model: 70m —@— model: 70m
—@— model: 90m
data: 70m
80 r 80 r 80 801
2 £ 2 £
o ‘© o ‘©
gso— 3 60f gao— S 60f
2 ° 2 o
(o)) (o)
8 & g g
c L = L = L e L
g 40 § 40 g 40 § 40
S_) / lg_J & lgf
20t 201 201 201
0— : : 0t— : : 0— : : 0— : :
5.5 6 6.5 5.5 6 6.5 55 6 6.5 55 6 6.5
Time-to-arrival (TTA), s Time-to-arrival (TTA), s Time-to-arrival (TTA), s Time-to-arrival (TTA), s
B Go Wait D Go Wait
3r 37 3r 37
—&— model: 70m —&— model: 70m
—=&— model: 90m —=&— model: 90m
exp: 70m _ exp: 70m
exp: 90m v exp: 90m
» 25 w257 / ® 25 w25f
- - e - /
x x x x
(0] [0 (0] (0]
£ IS £ £
= 2+t = 2t = 2 = 2+t
[0} —— 8 [0} ./- ) ————® [0} /
(2] (2] 2] (2]
c c c c
S ‘_,//’-. o] e} ./. S
Q Q Q o
1] 2] [%2] 1]
(0] O Q (0]
& 15) & 15¢ & 15¢ & 15¢
1= : : 14— : : 10— : : 1= : :
55 6 6.5 55 6 6.5 5.5 6 6.5 5.5 6 6.5
Time-to-arrival (TTA), s Time-to-arrival (TTA), s Time-to-arrival (TTA), s Time-to-arrival (TTA), s

Fig. 15: Performance of drift-diffusion model (DDM) and race model with trained parameters.

The results show that the performance of the models Model parameters
is affected by the inter-judgement time until the inter- An overview of the finial confidence model parameters used
judgement time reaches a value of approximately 1.2 in the confidence models presented in the paper.
seconds after which the performance remains constant

(Figure 16). At the inter-judgement time of 1.2 seconds, Bias parameter  Sensitivity parameter
both models perform optimal. This finding suggests that Model 1: DDM. 7 — 0 Go: 1.17 Go: 3.42
the model is over parameterised or fails to correctly ‘ STEW Wait: 3.10 Wait: 0.707
describe the evidence accumulation process for a longer Model 2: DDM. 1 — 125 Go: 4.05 Go: 0.23
period of time after the decision is made. The model does : T Wait: 2.03 Wait: 0.410
for example not account for the moment in time in which Go: 0.876 Go: 3.74
L. . . . . Model 3: Race model, 7 = Os . .
the decision is made or in which the oncoming vehicle has Wait: 3.74 Wait: 0.552
passed. ) B Go: 3.87 Go: 0.22
Model 4: Race model, T =1.2s Wait: 1.63 Wait: 0.44

TABLE 43: Confidence model parameters, used for the
different presented confidence models.
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— DDM (model 2)
Race model (model 4)

1.8 2 2.5

Inter-judgement time (7), s

Fig. 16: Effect of different inter-judgement times on the performance (RMSE) of the confidence model based on the
drift-diffusion decision model (model 2) and the confidence model based on the race model (model 4). The black point
indicates the inter-judgement time used for the final confidence models (1.2 seconds)

APPENDIX F - EXCLUDED LEFT-TURNS

The data analysis in this study was restricted to the left-
turn trials in which the indicated decision was actually
conducted. We excluded all changes of mind, situations in
which the participant carried out a different decision than
indicated, as well as the trials in which the participants did
not indicate their decision (by failing to press the designated
button).

In 3.4 % of all the left-turn decisions, changes of mind
were present, of which in 83.9% of the cases the participant
indicated a “go” decision and performed a “wait” decision.
In 2.2% of all left-turn decisions, no button presses were
present. In 83.33% of the cases in which participates failed
to press the button, they performed a “go” decision.
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Form of consent



INFORMED CONSENT

Participant Information

You are invited to participate in a research study titled “Driving behaviour at intersections”, for
participation it is required to be in possession of a valid driver's license. This study is carried out by Floor
Bontje (Bio-mechanical Engineering Master Student) as part of a master's thesis research conducted at the
Delft University of Technology.

The purpose of this research is to get an insight into driving behaviour when making a turn at an unmarked
four-way intersection, and it will take approximately two hours to be completed including breaks and some
test rounds to get familiar with the driving simulator. The data obtained will be used for a thesis report and
potentially also for other scientific publications. In this experiment you will be asked to perform a driving
task in a virtual driving simulator. You will drive through a virtual town following navigation prompts. On the
route you will have to cross several four-way intersections and other traffic may be present. You are asked
to follow the Dutch traffic rules and to drive similarly as you normally would do. In addition to the driving
task you will be asked to rate your own driving behaviour.

To the best of our ability the data obtained in this study will remain confidential. We will minimize risks
related to identifying participants by anonymising the data; optionally collected email addresses will be
decoupled from the rest of the data. All personal data unnecessary for the research (email addresses and
names) will be stored on a secure TU Delft storage location. You as participant have the right to request
access to and rectify or erase personal data. Your name will not be explicitly linked to a participant number.
The experiment software will provide a randomly generated identifier at the beginning. We will ask you to
write this identifier down for your own records. Your identifier and name are never stored at the same
location. Hence, your data cannot be traced back to you. The identifier that you will keep a record of is
needed to remove your data if you decide that you wish to withdraw from the study after the data
collection is finished. If you would like to remove all your data from the study, the researchers will ask you
to share your identifier, which is then used to remove your data. All research data including deidentified
demographic information and deidentified demographic information will be (publicly) shared at the end of
the research. The published data will not be traceable to you.

During the experiment mental fatigue and a reduction of concentration could occur. In order to reduce
these effects, you can take a break at any time during the experiment. In order to compensate for the time
and effort put into participation a €20 VVV-gift card will be handed out at the end experiment. Your
participation in this study is entirely voluntary and you can withdraw at any time. You are free to omit any
questions.

In order to participate in this research, it is necessary that you give your informed written consent. By
signing the explicit consent you are indicating that you understand the nature of this research and your role
in it and that you agree to participate in the research. The written consent will be stored at a protected
location on the departure of cognitive robotics at the TU Delft.

Thank you in advance for your possible cooperation. If there are any questions or complaints about the
research, please contact the corresponding researcher (Floor Bontje) or responsible researcher (Arkady
Zgonnikov) by email.

Floor Bontje (Corresponding Researcher): F.bontje@ **tudelft.nl
Arkady Zgonnikov (Responsible Researcher): A.Zgonnikov@ **tudelft.nl




Explicit Consent

PLEASE TICK THE APPROPRIATE BOXES Yes No
| have read and understood the study information. | have been able to ask questions O O
about the study and my questions have been answered to my satisfaction.
| consent voluntarily to be a participant in this study and understand that | can refuse to O O
answer questions and | can withdraw from the study at any time, without giving a
reason.
| understand that taking part in the study involves: O O
e Participating in a fixed-base driver simulator experiment
e Answering questions regarding my performance in the experiment
| understand that | will be compensated for my participation by receiving a gift card. O O
| understand that personal information collected about me that can be used to identify O O
me, such as e.g. my name and email address, will not be shared beyond the research
team.
| understand that the (identifiable) personal data | provide will be destroyed after the O O
research is finished.
| understand that the following steps will be taken to minimise the threat of a data n .
breach, and protect my identity in the event of such a breach: anonymisation of the data
and a secure data storage with limited access for identifiable personal data (name, email
address).
| understand that the data | produced during the experiment (vehicle telemetry including = =
speed, acceleration, decision reaction time, and demographic information including age,
sex, and driving experience) will be anonymised and publicly shared online.
| understand that after the research study the de-identified information | provide will be O O
used for a thesis report and potentially also for other scientific publications.
| give permission for the de-identified data produced during the experiment will be O O
archived in Gitlab and OSF repository so it can be used for future research and learning.
| understand that access to this repository is publicly open. O O




Signatures

Name of participant Signature Date

I, as researcher, have provided the information sheet to the potential participant and, to the best of
my ability, ensured that the participant understands to what they are freely consenting.

Floor Bontje

Researcher name Signature Date

Study contact details for further

information: Floor Bontje,
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