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Abstract
In everyday driving on the road, people are often required to make fast decisions that could compromise the accuracy of 
choices. We present a diffusion model analysis of the adjustments drivers make to the decision process under speed-stress. 
Participants operated a PC-based driving simulator while performing one of two decision-making tasks that required a driving 
action as a response to the stimulus. In a one-choice driving task, participants were asked to drive around a lead car when its 
brake lights were turned on. A two-choice driving task used a brightness-discrimination task in which participants were asked 
to drive to the left and back behind a lead car if there were more black than white pixels in a display and to the right and back 
if there were more white than black pixels. Speed-stress was operationalized by instructing drivers to respond as quickly as 
possible and by manipulating the distance drivers were required to maintain behind the lead car. Results showed the expected 
speed-accuracy tradeoff; however, the cost on accuracy in the two-choice task was relatively small. The model-based analysis 
showed that this was achieved by lowering the decision criteria and speeding up nondecision processes without disrupting 
components that produce evidence for the decision process. In fact, in the one-choice task, evidence accumulation rate in the 
speed-stress condition was found to be higher than in the accuracy-stress condition. We concluded that drivers were able to 
comply with speed-stress demands with relatively safe adjustments that imposed minimal costs on the accuracy of choices.
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Introduction

Driving is an integral part of the day-to-day routine for 
many people, with the number of licensed drivers in the 
USA increasing from approximately 167 million in 1990 to 
222 million in 2016 (Wagner, 2021). Consequently, there is a 
need to understand driving skills, and how they are affected 
by stresses to respond quickly that occur in normal driv-
ing. Previous research has shown that drivers’ responses to 
a decelerating car were more acute (e.g., braking hard to a 
full stop) as the distance between the cars decreased (Wang 
et al., 2016). While these acute responses to unexpected 
events are crucial for avoiding collisions or minimizing dam-
age (Harb et al., 2009), the type of response chosen by the 

driver might not always be the optimal one (Markkula et al., 
2012). For example, Li et al. (2019) investigated which type 
of response – braking or steering – drivers are more likely 
to execute in response to different types of collision-hazards. 
They suggested that under extreme situations in which fast 
responses are stressed, choices for the appropriate response 
were based on a heuristic approach in which some of the 
problem’s features are ignored – leading to fast responses but 
possibly more errors. In the current study, we used the one-
choice diffusion model (Ratcliff & Van Dongen, 2011) and 
the two-choice diffusion model (Ratcliff, 1978; Ratcliff & 
McKoon, 2008; Wagenmakers, 2009) to examine the effect 
of speed-stress on the decision process during driving. In the 
two-choice task, there is tradeoff between speed and accu-
racy of the response with higher accuracy associated with 
longer response times (RTs) and lower accuracy associated 
with shorter RTs. We define speed-stress as demands that 
induce drivers to make fast responses, and we pit it against 
accuracy-stress in which drivers are encouraged to make 
accurate responses.
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According to the standard two-choice diffusion 
model shown in Fig. 1, noisy evidence is accumulated from 
a starting point z to one of two decision criteria 0 or a. The 
rate of evidence accumulation is called drift rate (v) and it 
represents the quality of evidence from the stimulus. The 
time it takes to reach one of the criteria is  the decision time. 
Three representative paths for decision time are shown in 
Fig. 1: one leads to a fast correct decision, one to a slow 
correct decision, and one to an error. Within-trial variability 
(noise) in the decision process gives rise to right skewed RT 
distributions and error responses that occur when the process 
hits the wrong boundary by mistake. Consequently, lower 
drift rates produce longer RTs and more errors. The models 
also represent the time it takes to execute nondecision func-
tions, such as stimulus encoding and motor planning, with 
a single parameter – nondecision time – that has a mean 
duration Τer. The decision and nondecision parameters are 
assumed to vary from trial to trial: drift rate is assumed to be 
normally distributed with standard deviation (SD) η; nonde-
cision time and starting point are assumed to be uniformly 
distributed with range st and sz, respectively. Finally, we 

represented the proportion of slow contaminant responses 
by a delay in processing with probability po (see Ratcliff & 
Tuerlinckx, 2002).

The one-choice diffusion model describes a process that 
is composed of decision and nondecision processes as in 
the two-choice model. However, evidence in the one-choice 
model is accumulated towards a single criterion a from a 
fixed starting point 0, which is not assumed to vary between 
trials (see Ratcliff & Van Dongen, 2011). Moreover, Ratcliff 
and Van Dongen (2011) have shown that there is a problem 
in identifiability in the one-choice model in that one of the 
model parameters needs to be fixed and then the others are 
identified. We chose to fix the between-trial variability in 
drift rate in our application of the one-choice model. See 
section A1 in the Appendix for more details about the fit-
ting methods.

Many previous studies have used the diffusion model to 
examine the effect of speed-stress on the decision process 
in various cognitive tasks (e.g., Rae et al., 2014; Ratcliff, 
2002, 2006; Ratcliff & Rouder, 1998; Ratcliff et al., 2001, 
2003, 2004; Starns et al., 2012; see also Rinkenauer et al., 
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Fig. 1  An illustration of the one-choice and two-choice diffusion 
models. Across models, v represents the drift rate with normally dis-
tributed  between-trial variability  with SD η; a represents boundary 
separation; Ter represents nondecision time, which is assumed to dis-

tributed uniformly with range st. The two-choice model also specifies 
the starting point z, which is assumed to be distributed uniformly with 
range sz
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2004; Voss et al., 2004). However, results from these stud-
ies were not always consistent. That is, boundary separa-
tion was almost always higher under accuracy-stress than 
speed-stress conditions, but differences in nondecision 
time were smaller and less consistent (e.g., Ratcliff, 2006), 
and differences in drift rate occurred less often and were 
inconsistent across the type of task (e.g., Rae et al., 2014). 
Here we examined the effects on making decisions while 
driving.

Based on previous work, we outline three levels of speed-
stress that modulate different components of the decision 
process: (i) low-stress results in lower boundary separation; 
(ii) medium-stress results in lower boundary separation and 
shorter nondecision time; (iii) large-stress results in lower 
boundary separation, shorter nondecision time, and lower drift 
rate (for a recent review, see Ratcliff & McKoon, 2022). Here 
we aim to test whether imposing speed-stress on making deci-
sions while driving changes critical components of the deci-
sion process such as evidence accumulation (i.e., high-stress 
level). This question is important because a low drift rate for 
making decisions while driving would indicate lower evidence 
being used and hence greater potential for errors. For example, 
Starns et al. (2012) argued that under extreme speed-stress, 
people are likely to speed up nondecision processes to produce 
faster responses. In so doing, they might disrupt or reduce the 
amount of time spent on stimulus-encoding, producing lower-
quality evidence (lower drift rates). Consequently, adjusting 
the time spent on stimulus encoding under acute speed-stress 
should reduce accuracy to a greater degree than the effect that 
would occur from adjusting boundary separation alone.

The one- and two-choice diffusion models have been pre-
viously used to examine changes in the components of the 
decision process during driving in response to experimental 
manipulations, such as imposing distractions or more diffi-
cult driving environments (Ratcliff, 2015; Ratcliff & Strayer, 
2014; Ratcliff & Vanunu, 2022; see also Castro et al., 2019; 
Tillman et al., 2017). In these studies, participants were 
required to operate a PC-based driving simulator while per-
forming a decision task at varying times during the driving 
task. In a one-choice task, participants were asked to drive 
around a lead car when its brake lights were turned on. This 
task was designed to mimic driving around a slowing vehicle 
in real driving and to parallel the psychomotor vigilance task 
(PVT), which measures participants’ vigilance by asking 
them to press a button as quickly as possible when a stimu-
lus is displayed (Dinges & Kribbs, 1991; Dinges & Powell, 
1985; Ratcliff & Van Dongen, 2011). In a two-choice task 
(a brightness-discrimination task), a stimulus-patch of black 
and white pixels was displayed, and drivers were required to 
steer the car to the left or right (or drive around the lead car 
in other versions of the task) if the patch was bright or dark, 
respectively. This allows interactions of speed and accuracy, 
and components of decision-making to be examined.

Data from the one- and two-choice driving tasks were fit-
ted by the one- and two-choice diffusion models, respectively. 
Results showed good fits and provided an interpretation of the 
behavioral effects in terms of the decision-making process. 
For instance, Ratcliff and Vanunu (2022) tested the effect of 
aging on the decision process in the one- and two-choice driv-
ing tasks. Findings showed that older adults were slower to 
respond in the one-choice task and made more errors in the 
two-choice task than young adults. These patterns were cap-
tured in the model by lower drift rates in older than young 
adults. Interestingly, differences in RTs between age groups 
were small because RT in real-world driving often has an upper 
limit – determined by the behavior of other drivers on the road, 
i.e., traffic demands. Therefore, to compensate for lower drift 
rates to fit traffic demands in the two-choice task, older adults 
adjusted the duration of the decision process by lowering the 
decision criteria. Hence, it seems that traffic demands imposed 
an implicit speed-stress that resulted in a similar adjustment of 
boundary separation to that found in cognitive tasks with a low 
speed-stress manipulation. This accounted for the small propor-
tion of the reduced accuracy found in the older group’s data.

The goal of our study is to examine which components of 
the decision process change in response to an explicit manipu-
lation of speed-stress on decision-making during driving in 
young adults. We asked participants to operate a PC-based 
driving simulator while performing the one- and two-choice 
driving tasks. Drivers were asked to respond to a stimulus by 
driving around the lead car in the one-choice task and by steer-
ing the car to the adjacent lane and back in the two-choice task. 
We chose steering as the required response because in real-
world driving situations, people often need to make fast deci-
sions about changing lanes when selecting routes or avoiding 
obstacles. A speed-accuracy manipulation was implemented 
between blocks, in which participants were instructed to make 
responses either as quickly or as accurately as they could. Driv-
ers were also required to keep a constant distance from the lead 
car, as might occur in real-world driving (and this was moni-
tored by a research assistant sitting beside them). The required 
distance behind the lead car was manipulated to be shorter 
under the speed-stress than accuracy-stress conditions (90 ft 
vs. 120 ft). We assumed that a smaller distance between the cars 
would leave less time for the driver to execute a response – i.e., 
increasing speed-stress. The diffusion model analysis shows 
which components of the decision process are adjusted in order 
to conform to the speed-stress demands in both tasks.

Method

Participants

Twenty-three young adults (13 females, age: 18–25 years, 
M = 21.2 years) were recruited through fliers posted at The 
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Ohio State University. They were paid $12 per session for 
participation. An additional nine participants were recruited 
for course credits (six females). Two participants were 
excluded from the analysis due to an inability to perform 
the tasks. All participants were drivers with a mean of 4.5 
years of experience.

Apparatus

The tasks were presented on a 15.6-in. Dell XPS L502SX 
laptop, with events sampled at a 16.67 ms sampling rate and 
a screen resolution of 1,600 × 900 pixels. STISIM Drive 
software version 2 was used to present the driving simula-
tions in different landscapes. A Logitech Driving Force GT 
steering wheel with force feedback (http:// www. logit ech. 
com) and two pedals (accelerator and brake) were used to 
allow the participants to drive in the simulated environment.

Design and materials

The simulated driving environment in the one-choice driv-
ing task included two lanes in an open space highway dur-
ing daytime. The simulator’s dashboard included speed and 
RPM meters and a rear-view mirror (see Fig. 2, left panel). 
The driver’s car and the lead cars were placed in the right 
lane. Drivers were asked to approach a lead car on each trial, 
but to keep a constant distance from it. When the driver 
achieved the required distance, the lead car “wobbled” left 
and right to indicate the onset of the trial. The main purpose 
of the lead car was to simulate traffic demands, which often 
requires drivers to keep a constant pace and distance from 
other drivers on the road. When the brake lights of the lead 
car turned on, the driver was required to steer the car to the 
left and drive around the decelerating car. When the lead 
car receded to the rear (as visible in the rear-view mirror), 

the driver was required to steer the car back to the right 
lane and speed up until a new lead car appeared. The time 
interval between the onset of the trial and the display of 
brake lights varied across trials from 2 s to 10 s in 2-s steps 
(Ratcliff, 2015).

The simulated driving environment in the two-choice 
driving task included three lanes of an interstate highway 
during daytime (Fig. 2, right panel). Both the driver’s car 
and the lead car were placed in the middle lane. Between 
0 s and 8 s (M = 4 s) after the onset of each trial, a stimu-
lus patch of a 64 × 64 array of black and white pixels was 
displayed for 2 s between the two meters on the driver’s 
dashboard and at the base of the lead car. The task was to 
steer the car into the right lane if the patch was bright (had 
more than 50% white pixels) and into the left lane if it was 
dark. Unlike the one-choice driving task, here the driver 
was not asked to drive around the lead car, but to drive the 
car into the appropriate lane and then drive it back to the 
middle lane behind the lead car. The probability of a pixel 
being white in the stimulus array was .57, .53, .47, or .43 
(i.e., the brightness conditions). We chose values that in pre-
vious work gave accuracy values around 90% for the easier 
conditions and in the 70–80% range for the other conditions 
(e.g., Ratcliff, 2015). Two example patches from each bright-
ness condition were shown to the driver at the beginning of 
the task to calibrate them. In both tasks, a speed-accuracy 
manipulation was implemented between blocks. Partici-
pants were instructed to respond either as quickly as they 
could or as accurately as they could. For the speed-stress 
condition, a message displayed at the beginning of the block 
asked the participants to respond as quickly as possible. For 
the accuracy-stress condition, a message asked the partici-
pant to respond “normally” as they would in light traffic in 
the one-choice driving task, and to respond as accurately 
as they could in the two-choice driving task. Throughout 

Fig. 2  Example screen shots of driving views from the two driving 
tasks. The left panel shows the one-choice driving task when the 
brake lights of the lead car turned red under the speed-stress con-
dition. The right panel shows the two-choice driving task when a 

brightness-discrimination patch is displayed under the accuracy-stress 
condition. The stress-type condition (speed-stress vs. accuracy-stress) 
for the block of trials was displayed in the upper-right corner of the 
display

http://www.logitech.com/
http://www.logitech.com/
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the session, the respective speed versus accuracy message 
appeared in the upper-right corner of the screen. In addition, 
we asked participants to keep a constant distance from the 
lead car throughout the trial, which was set to 95 ft for the 
speed-stress condition and 120 ft for the accuracy-stress con-
dition. We assumed that a smaller distance should impose 
a greater stress to respond quickly in order to comply with 
traffic demands. RT was defined as the time between the 
stimulus onset (brake light or brightness-discrimination 
patch) and the time at which the driver started to steer the car 
sideways – i.e., the response. We used a linear interpolation 
of the sideways velocity to estimate the response time. The 
sideways velocity first increased and then became approxi-
mately constant for a short period of time as the car steered 
to the right or left. Linear interpolation from this relatively 
constant velocity provided an estimate of when the car began 
to turn, an estimate that was consistent across responses by 
the participant. Trials where no action was recorded (e.g., 
the driver remained in the middle lane and did not steer the 
car) were excluded from data analyses. Other details of the 
methods can be found in Ratcliff (2015).

Procedure

Participants were told they were about to drive in a PC-based 
simulated environment. In both tasks, they were asked to 
approach a lead car on the road until it wobbled, and to 
maintain this distance until stimulus display. The drivers 
were informed that using the brake pedal is unnecessary, as 
one could slow down by taking the foot off the gas pedal. To 
minimize potential dizziness or nausea during the driving 
tasks, the lights in the testing room were dimmed and sub-
jects were encouraged to take breaks when needed. Finally, 
a research assistant monitored the participants throughout 
the session, making sure they complied with the instructions 
such as to maintain a fixed distance from the lead car, to 
respond as fast or as accurately as possible according to the 
stress-type condition, and to not drive off-road.

Overall, participants participated in four sessions that 
were 1 day apart. In each session, they carried out both tasks 
with 31 min allocated to the one-choice driving task and 19 
min for the two-choice driving task. Each task started with 
three practice trials. The speed-stress and accuracy-stress 
conditions were manipulated between blocks, alternating in 
counterbalanced order across participants. In the one-choice 
driving task, participants carried out on average 13.8 speed-
stress and 13.9 accuracy-stress blocks, and in the two-choice 
driving task they carried out on average 14.1 speed-stress 
and 14.3 accuracy-stress blocks. Each block consisted of 20 
trials, although the last block in each session was often cut 
short due to time-limits.

Results

Behavioral results

For the one-choice data, we used a linear mixed-effects 
model with RT as the dependent variable, stress-type as a 
fixed factor, and participants as a random intercept effect. 
For the two-choice data, we used a linear and a probit mixed 
effects model with RT and accuracy as dependent variables, 
respectively. The fixed and random variables were as in the 
one-choice analysis, but with brightness as an additional 
fixed factor. Lower and upper RT cutoffs were set to 150 
ms and 2,500 ms for the one-choice task, and to 400 ms and 
2,500 ms for the two-choice task. On average, 2.6% and 1.6% 
of the responses of each participant were excluded from the 
one- and two-choice tasks, respectively. The results are dis-
played in Fig. 3.

First, we found a main effect for stress-type in both tasks, 
showing shorter RTs under the speed-stress than accuracy-
stress conditions (one-choice:  MS = 509 ms, SD = 78 ms 
vs.  MA = 636 ms, SD = 92 ms; χ2(1) = 521.8, p < .001; 
two-choice:  MS = 815 ms, SD = 103 ms vs.  MA = 1,011 ms, 
SD = 130 ms; χ2(1) = 18.1, p < .001; Fig. 3, left panel). Sec-
ond, we found a main effect of brightness in the two-choice 
task (χ2(3) = 1121 p < .001), showing faster responses to 
“easier” patches  (M.57 = 910 ms, SD = 143 ms and  M.43 
= 848 ms, SD = 107 ms vs.  M.53 = 964 ms, SD = 114 ms 
and  M.47 = 929 ms, SD = 101 ms). An interaction effect 
between brightness and stress-type (χ2(3) = 12.9, p = .004) 
indicated that the effect of brightness was smaller under the 
speed-stress condition. This can be interpreted as a standard 
scaling effect (Ratcliff et al., 2000). That is, differences in 
mean RTs among conditions were smaller under speed-stress 
than accuracy-stress, because RTs have an absolute mini-
mum value, while there is no theoretical maximum value 
(though practically, in driving and our tasks, the maximum 
should vary with traffic demands). Consequently, the range 
and variability of responses across brightness conditions was 
larger in the accuracy-stress condition (one-choice: range 
= 355 ms and SD = 91.5 ms; two-choice: range = 662 ms 
and SD = 130.3 ms) than in the speed-stress condition (one-
choice: range = 323 ms and SD = 77.8 ms; two-choice: 
range = 479 ms and SD = 102.9 ms).

For accuracy in the two-choice task, we found a signifi-
cant main effect for stress-type (χ2(1) = 18.1, p < .001) that 
indicated that on average, accuracy was higher under accu-
racy-stress (M = .86, SD = .05) than speed-stress (M = .84, 
SD = .05) conditions, although this difference was relatively 
small (i.e., only 2%). Moreover, a main effect for brightness 
showed that accuracy was higher for “easier” patches  (M.57 
= .91, SD = .08 and  M.43 = .97, SD = .04 vs.  M.53 = .71, SD 
= .15 and  M.47 = .81, SD = .11; χ2(3) = 1,121.3, p < .001). 
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We also found evidence for a contrast effect (χ2(1) = 195.6, 
p < .001), in which accuracy was higher for darker (M = 
.89, SD = .07) than brighter (M = .81, SD = .11) patches. 
This is because there was a smaller difference in contrast 
between the brightness of the patch and the relatively bright 
background (in simulated daytime). Finally, an interaction 
effect between brightness and stress-type (χ2(3) = 6.2, p = 
.013) showed that the effect of brightness on accuracy was 
smaller under the speed-stress condition, probably due to 
similar scaling effects we found in the RT data above.

Model fitting results

We fitted the one- and two-choice models to each partici-
pant and stress-type condition separately (i.e., all param-
eters were allowed to vary between stress-type conditions). 
Figure 4 shows cumulative RT distributions averaged over 
participants in the one-choice driving task (panel A), and RT 
quantiles for brighter and darker responses collapsed across 
participants in the two-choice task (panel B), both plotted 
against the respective model’s predictions – showing a good 
fit to data (see A1 in the Appendix for more details about 
fitting methods). The mean parameters’ values, the mean χ2 
goodness of fit values, and the number of participants with 
χ2 less than the critical value, �2

c
 for each task are presented 

in Tables 1 and 2. The critical χ2 values for each stress-
type condition were 23.7 with 14 degrees of freedom in the 
one-choice model and 47.4 with 33 degrees of freedom in 
the two-choice model. Across models, the mean χ2 values 
were below the respective critical values, and the majority 
of participants across models exhibited χ2 values that were 
below the respective critical values.

Parameter values

We used paired-sample t-tests to examine the differences in 
parameter values as a function of the stress manipulation. 

The resulting t statistics, their significance levels and the 
effect sizes are presented in Table 3. Across tasks, bound-
ary separation was significantly lower and nondecision time 
was significantly shorter under speed-stress than accuracy-
stress conditions, accounting for the shorter RTs found under 
speed-stress in both tasks. Hence, it seems that participants 
produced faster responses by lowering the decision criteria 
and by speeding up their nondecision processes. Importantly, 
we found no differences in drift rates between stress-type 
conditions in the two-choice model – suggesting that speed-
ing up nondecision processes under the current design did 
not disrupt stimulus-encoding. Therefore, the small reduc-
tion in accuracy rates we found in the two-choice data (2%) 
can be explained by a reduction in boundary separation 
alone.

Drift rates in the one-choice task were slightly higher 
in the speed- than accuracy-stress conditions, which stands 
in contrast to previous findings from similar speed-stress 
manipulations in two-choice designs (Rae et al., 2014; Rat-
cliff, 2002; Starns et al., 2012). Nevertheless, it is impor-
tant to note that the simpler one-choice task was primarily 
designed to measure vigilance, which might be enhanced 
in response to speed-stress. By contrast, when drivers were 
asked to respond “normally” as they would in light traf-
fic (i.e., accuracy-stress), their vigilance might have been 
reduced in comparison to the speed-stress condition – result-
ing in slightly lower drift rates.

Between-trial variability in nondecision time (st) was 
smaller in the speed-stress than accuracy-stress condi-
tions across tasks, probably as a result of the scaling 
effects we found in the data (i.e., the smaller range of 
RTs under the speed-stress condition). The ratio z/a was 
significantly smaller (t[29] = -3.57, p = .001) under 
speed-stress (M = .456, SD = .082) than accuracy-stress 
(M = .511, SD = .097) conditions, and was significantly 
below .5 for the speed-stress condition (t[29] = -2.93, 
p = .006). 

Fig. 3  The mean response times (RTs) for speed- and accuracy-stress 
and brightness conditions in the two-choice driving task (left panel), 
and the proportions of correct responses for the same conditions 

(right panel). Error bars correspond to the within-subjects standard 
error computed according to a normalization method (Cousineau, 
2005)
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Discussion

The current study presents a novel model-based analysis that 
examines the effect of stressing speed on the decision pro-
cess during driving. In both the one- and two-choice tasks, 

drivers were required to make decisions about steering the 
car between lanes, which should reflect real-world driving 
decisions, such as avoiding obstacles on the road, selecting 
routes, or responding to the behavior of other drivers. The 
one-choice task provided a measure for vigilance and RT 

Fig. 4  A Cumulative response time (RT) distributions for each speed-
stress condition, averaged over participants in the one-choice driving 
task. B Quantile-probability functions for each speed-stress condition, 
averaged over participants (The quantiles were first computed for 
each participant separately and then averaged across participants) in 
the two-choice driving task. The values on the x-axis represent the 
proportion of responses for that condition (in the top plots, the condi-

tions from right to left are .43, .47, .53, .57 white pixels, and for the 
bottom plots the order is reversed). The quantile RTs in order from 
the bottom to the top are the .1, .3, .5, .7, and .9 quantiles. x repre-
sents the behavioral data and lines and o represents the theoretical fits 
of the diffusion models. When there are less than five observations for 
some of the participants, the median (green x) is plotted, and when 
some participants have no errors, nothing is plotted for that condition
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and the two-choice task allowed speed-accuracy tradeoffs to 
be examined. In particular, we examined which model com-
ponents change when participants are induced to respond 
as quickly as possible, as occurs in real-world driving situ-
ations. Critically, the model-based analysis allowed us to 
examine what type of adjustments to the decision process 
the participant employed under speed-stress, and how these 
adjustments might affect the accuracy of the decisions made.

Results from the behavioral analysis showed the expected 
reduction in RT under speed-stress across tasks. In the two-
choice task, we found a speed-accuracy tradeoff – that 
is, shorter RTs and lower accuracy rates when speed was 
stressed. However, it seems that the current manipulation 
of speed-stress was not extreme enough to disrupt critical 
processes that give rise to evidence used in decision making. 

Specifically, participants in the two-choice task were able to 
reduce RT by 19% (196 ms) under the speed-stress condi-
tion, but with only a 2% reduction in accuracy.

The model-based analysis produced a good fit of the 
models to the data. It also provided an interpretation of 
how this behavior was achieved in terms of the models of 
the decision processes by showing which components of 
the underlying processes changed in response to speed-
stress. Across models and tasks, we found lower boundary 
separation and a shorter nondecision time in speed-stress 
than accuracy-stress conditions. These results are consist-
ent with previous findings from a similar speed-accuracy 
manipulation in cognitive tasks (e.g., Ratcliff, 2002, 2008; 
Ratcliff et al., 2001, 2003, 2004). Importantly, we found 
no differences in drift rates between the stress-type con-
ditions in the two-choice model, which suggests that the 
small cost of speed-stress on accuracy obtained in the two-
choice task can be explained by a reduction in decision cri-
teria alone. This matches other studies that show that drift 
rates are usually not affected by speed-stress (e.g., Ratcliff, 
2002), except under extreme cases of speed-stress in which 
stimulus-encoding is disrupted (Starns et al., 2012). By 
contrast, in the one-choice task we found slightly higher 
drift rates under speed-stress than accuracy-stress condi-
tions. This could be because vigilance for detecting brake-
lights was enhanced under speed-stress and was lower 
when drivers were instructed to respond as they would in 
light traffic (accuracy-stress).

Table 1  Mean parameter values across participants from the one- and two-choice diffusion models, fitted separately for the speed-stress and 
accuracy-stress conditions

a represents decision boundary separation; z represents the starting point; Ter represents the nondecision component of response time (in milli-
seconds); η represents the standard deviation in drift rate across trials; sz represents range of the distribution of starting points (z); st represents 
range of the distribution of nondecision times; po represents proportion of contaminants; χ2 averaged over participants represents goodness-of-fit; 
and N(<�2

c

)

 represents the number of participants with χ2 value below the critical value (out of N=30). The critical χ2 values were 23.7 with 14 
degrees of freedom and 47.4 with 33 degrees of freedom for each stress-type condition in the one- and two-choice models, respectively

Model a z Ter η sz st po χ2

N(<
�
2

c

)

One-choice speed 0.199 - 257 0.200 - 167 - 13.4 28/30
One-choice accuracy 0.238 - 308 0.200 - 240 - 15.3 27/30
Two-choice speed 0.119 0.055 613 0.178 0.047 277 .004 39.7 20/30
Two-choice accuracy 0.143 0.073 718 0.157 0.040 390 .003 35.4 24/30

Table 2  Mean drift rate values across participants from the one- and 
two-choice diffusion models

v.57 and v.53 are for bright stimuli, and v.47 and v.43 are for dark stimuli; 
V represents the overall drift rate. For the two-choice driving task it is 
(v.57+v.53-v.47-v.43)/4

Model v.57 v.53 v.47 v.43 V

One-choice speed 0.865
One-choice accuracy 0.811
Two-choice speed 0.318 0.154 -0.152 -0.384 0.252
Two-choice accuracy 0.277 0.120 -0.195 -0.390 0.246

Table 3  The t statistics with 29 degrees of freedom, from the paired-sample t-tests for differences in the parameter values among speed-stress 
and accuracy-stress conditions. The Cohen’s d effects sizes are displayed in brackets

Significant differences are marked in bold (p < .05)

Models a z Ter η sz st V po

One-choice -3.11
(0.57)

- -3.39
(0.62)

- - -6.18 (1.13) 2.57 (0.47) -

Two-choice -5.80
(1.06)

-5.58
(1.02)

-8.07
(1.47)

1.65
(0.30)

.80
(0.15)

-5.95
(1.09)

.56
(0.10)

.34
(0.06)
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Higher drift rates under speed-stress were also found in 
a study that used the one-choice diffusion model to exam-
ine the effect of speed-stress on estimating the time to col-
lision (TTC) with other cars in a simulated driving-envi-
ronment (Daneshi et al., 2020). Curiously, they also found 
that boundary separation was higher under time-pressure, 
which is counterintuitive considering the consensus in the 
literature in which lower boundary separation in response to 
speed-stress is obtained. Nevertheless, their work differed 
in many aspects to ours. For example, their model did not 
estimate nondecision time and its variability, and they did 
not control for the identifiability problem in the one-choice 
model, which could lead to inaccurate parameter estima-
tion. Moreover, the pace of the driver’s car was fixed, there 
was no stimulus-display that required an immediate response 
such as brake lights, and the dependent variable TTC was 
computed differently to ours. Therefore, it is difficult to com-
pare the results of the two studies.

In the context of speed-stress levels, our manipulation 
imposed medium speed-stress that induced drivers to lower 
the decision criteria and to speed up nondecision processes. 
However, it is reasonable to assume that under more extreme 
situations, such as unexpected obstacles that require an 
immediate response or a smaller distance from the lead car, 
participants would be forced to make additional adjustments 
that would compromise accuracy to a greater degree. For 
example, previous studies have shown that in extreme cases 
of speed-stress in which the driver chose to swerve the car 
quickly to avoid collision with an obstacle, the direction of 
the swerve was often towards the conflict rather than away 
from it (i.e., “swerve-into-danger”; Hu & Li, 2017; Li et al., 
2019; Malaterre et al., 1988; Weber et al., 2015). A diffusion 
model analysis might be able to explain how this counterin-
tuitive response came about with respect to changes in the 
components of the decision process.

We concluded that participants were able comply with the 
current speed-stress demands with a relatively “safe” adjust-
ment that imposed a minimal cost on accuracy. This was 
achieved by lowering the decision criteria and by reducing 
nondecision time without disrupting critical processes such 
as stimulus-encoding, which is responsible for the quality of 
evidence in the decision process.

Appendix

Fitting method

The one- and two-choice models were both fitted to each 
participant and stress-type condition separately. Because the 
one-choice model does not have an explicit solution for the 
distribution of response times (RTs) for a negative drift rate 
(generated from the left tail of the between-trial distribution 

of drift rate; see Fig. 1), we fitted the one-choice model by 
simulating a random walk approximation to the diffusion 
process (Ratcliff & Van Dongen, 2011). Each simulated con-
dition used 20,000 iterations with a 0.5-ms step size (Tuer-
linckx et al., 2001). The maximum RT in the simulation was 
set to 3,000 ms, and any RT that exceeded this boundary was 
set to this maximum value (this occurred 0.4% of the time). 
In the one-choice data, there is only one RT distribution, 
which makes it important to use as much distributional infor-
mation as possible. Consequently, we fitted the one-choice 
model to 19 quantiles of the RT distribution (20 bins), with a 
step of .05 between quantiles (i.e., .05, .1, .15, etc.). The first 
and second quantiles in the one-choice model were grouped 
to produce more stable estimates of the leading edge of the 
RT distribution (by minimizing the effects of a few antici-
pations that produced extremely short RTs; see Ratcliff & 
Strayer, 2014). Because the one-choice model has an issue of 
parameter identifiability, we fixed η to 0.2 when fitting this 
model to data, as we felt it is a reasonable value for the cur-
rent data set. For the two-choice model, we used a standard 
explicit solution to fit the data (see Ratcliff & Tuerlinckx, 
2002). Five quantiles of the two RT distributions for correct 
and error responses (i.e., .1, .3, .5, .7 and .9; 6 bins for each 
distribution) were used to fit the two-choice model. In both 
models, we fixed the within trial SD to 0.1.

The parameters of the model were optimized by a simplex 
minimization routine, which searched for a set of parameters 
that produced the lowest chi-square value – calculated as 
Σ(O–E)2/E (Ratcliff & Tuerlinckx, 2002). The observed val-
ues (O) were calculated by multiplying the total number of 
observations by the proportions of responses between the 
data quantiles (e.g., .05 in the one-choice model). The 
expected values (E) were calculated by multiplying the total 
number of observations with the proportion of responses in 
the predicted RT distribution that laid between the data 
quantiles, predicted from the simulation routine (one-choice) 
or the explicit solution (two-choice). Contributions were 
computed separately for each condition (brightness) and for 
correct responses and error responses, and the values were 
added for an overall value of chi-square. For the one-choice 
model, the simplex minimization routine was restarted 18 
times with a wide simplex round the parameters estimated 
from the prior fit. To examine the goodness-of-fit of the 
models, the average chi-square value across participants in 
each stress-type condition was compared to a respective 
critical value ( �2

c

)

 . To represent the goodness-of-fit at the 
individual level, we counted the number of participants in 
each group and task with χ2 smaller than the critical value 
(i.e., N[<�2

c
]).
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