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Increasingly more studies have implemented random regret minimization
(RRM) as an alternative to random utility maximization (RUM) for modeling
travelers’ choice-making behaviors. While for RUM, the focus is on utility
maximization, for RRM the emphasis is on the regret of not selecting the
best alternative. This study presented RRM and RUM for modeling actions
made by drivers that resulted in crashes. The RRM method was considered
in this study as the actions made before crashes might be the resultants of
avoidance of regrets across the alternatives rather than the maximization of the
utility related to the considered attributes. In addition, we extended the
considered models to account for the unobserved heterogeneity in the
datasets. Finally, we gave more flexibility to our model by changing the
means of random parameters based on some observed attributes. This is
one of the earliest studies, which considered the technique in the context of
traffic safety for modeling drivers’ action while accounting for heterogeneity in
the dataset by means of the random parameter. In addition, we considered the
impact of inclusion of various predictors in the model fit of RRM and RUM. The
results showed that while the standard RUM model outperforms the RRM
model, the standard mixed models and the mixed models accounting for
observed heterogeneity outperform the other techniques. As expected from
the methodological structure of RRM, we found that the RRM performance is
very sensitive to the included attributes. For instance, we found that by
excluding the attributes of drivers’ condition and drivers under influence
(DUI), the RRM model significantly outperforms the RUM model. The impact
might be linked to the fact that when drivers are under abnormal conditions or
influenced by drugs or alcohol, based on the sum of pairwise regret
comparison, the inclusion of those attributes deteriorates the goodness-of-
fit of the RRM model. It is possible that those parameters do not make a
difference on regret pairwise comparison related to alternatives. The
discussions at the end of this article examined possible reasons behind this
performance.
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Introduction

Regret is a well-known measure in the evaluation of choice-
making behaviors (Loomes, 1988). The regret theory (RT) was
originally presented to describe the changes in the utility
assessment product as the result of comparison across the
obtained with the
alternatives (Loomes and Sugden, 1982) (Bell, 1982).

The idea of the RRM model originated from the psychology

outcome outcome of non-chosen

concept that how much a position of a person would have been, if
he decided and selected a choice differently (Loomes and Sugden,
1982) (Bell, 1982). In other words, in the model the attribute
across various responses would be considered and would be
mapped into regret.

Although more recent studies have explored the application
of the random regret minimization (RRM) technique, its
application in drivers’ attitude and actions, especially from the
perspective of traffic safety, is still very limited. But when drivers
are on the roadway, they are constantly making choices regarding
their next maneuvers. For instance, drivers make decisions about
their speed, lane change, or avoiding improper maneuvers while
evaluating the regret associated with each alternative or pairwise
comparison. It is likely that those actions are influenced by
various attributes, such as environmental factors or the
driver’s emotional or demographic conditions.

The importance of regret in the decision-making process of
drivers in the context of traffic safety has been studied in a limited
number of studies. For instance, by surveying some people who
drive to work, it was found that regret is one of the major factors
dissuading drivers from speeding (Newnam et al., 2004). The
importance of regret after involvement in crashes was evaluated
(Peng et al,, 2019), and the results suggested that road rage is
caused by the loss of emotional control. Also, it was highlighted
that regret is negatively associated with speeding intentions
across the motorists.

A limited number of studies have been conducted in the field
of traffic safety that examine drivers’ maneuvers related to
crashes by the RRM model. The RRM model, a plausible
behavioral approach for the driver’s avoidance maneuver
choice in response to critical traffic events was employed
(Prato et al., 2014). Five critical drivers’ behaviors such as
“braking,” “steering,” and “other maneuvers” were used as the
response. Various environmental, crash, and road characteristics
were included in the analysis. The results highlighted that the
RRM model slightly outperforms the RUM model. However, it
should be noted that the study only considered the standard
versions of the RRM and RUM models and did not account for
the heterogeneity in the dataset. As most of the implemented
RRM studies are related to other aspects of transportation
problems, the next few paragraphs will outline a few of those
studies.

The effects of latent satisfaction and uncertainty underlying
car-sharing decisions were implemented with the help of the

Frontiers in Built Environment

02

10.3389/fbuil.2022.1000289

RRM-based hybrid model. Rho-square, the fraction of log-
likelihood, was used as a means of evaluating the goodness-of-
fit of the model. The results highlighted a relatively high
explanatory power of the hybrid model (Kim et al., 2017).

The contrast between utility maximization and regret
minimization in the presence of an opt-out alternative was
used (Hess et al., 2014). The results found that the differences
between the model performance across most studies are minor.
In the context of a choice task involving an opt-out alternative,
the differences are more clear-cut. In another study, the data
from a stated choice experiment for identifying valuation of
nature park characteristics were used (Thiene et al.,, 2012). A
comparison was made across the performance of the RUM- and
RRM-based techniques. The results highlighted that despite
having a very small difference between models’ performances,
the RUM model outperforms the RRM model in terms of the
statistical fit.

In another study, the standard RUM and RRM models and
models accounting for heterogeneities were considered and
compared (Hensher et al, 2016). It was found that while
there is not much difference between the two models, the
inclusion of random parameters significantly enhances the
model fit. In another study, based on the collection of studies
in the literature, it was highlighted that the RRM model, in
general, outperforms its RUM counterpart; however, the better
goodness-of-fit is only marginal (Chorus et al., 2014).

The RRM model was used for evaluating the case study of a
wildlife evacuation (Wong et al., 2020). The results highlighted
that the linear utility models outperform the RRM counterpart.
The RRM and RUM models were employed in the presence of
preference heterogeneity (Hensher et al, 2016). The results
highlighted that while the differences between RUM and RRM
models are minor, where incorporating the random parameters
into the model would widen the model variation in terms of
goodness-of-fit. The social psychology of seat-belt use was
investigated in another study (Simsekoglu and Lajunen, 2008).
The result highlighted that the anticipated regret has no
significant impact on the seat-belt use.

In the context of traffic safety, study has been conducted
be The hybrid
utility-random regret model in the presence of preference

recently  will outlined here. random

heterogeneity was conducted to model drivers’ actions
(Rezapour and Ksaibati, 2022). It was discussed that drivers
differ in their choice-making process, and thus two modeling
frameworks might be needed to account for heterogeneity in
choice-making behaviors. The emotional conditions of drivers,
environmental conditions, and gender were some of factors
contributing to various drivers’ actions. It was also found that
while the majority of attributes are processed by the RUM model,
significant numbers of attributes are processed by the RRM
model.

Drivers constantly make choices on roads, not only just to

reach the destinations but also to minimize the regret
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associated with taking various actions, keeping in mind that
those actions might have different consequences such as
crashes. Despite the importance of considering the effect of
regret on drivers’ choices before crashes, very limited studies
have researched that factor in the context of traffic safety when
applying the RRM model, while no study in the context
the method while the
heterogeneity in the datasets.

implemented accounting for

The objective of this study was to explore the plausibility of
the RRM model and compare it with the RUM model to unlock
factors contributing to the choices of drivers before crashes. It
should be emphasized that the objective was not to reject or
accept one method in favor of another but to expand the
understanding regarding the implementation of the RRM
model in the context of traffic safety choice modeling.

In addition to comparison across various modeling
frameworks, the exclusion of some attributes was evaluated to
see how incorporating various attributes might impact the
goodness-of-fit of the RRM compared with the RUM model.
It is clear from the formulation of the RRM that those attributes
which do not vary the regret functions across various alternatives
would deteriorate the goodness-of-fit of the model, so it is
important to discuss how inclusion or exclusion of various
attributes impacts the goodness-of-fit of the RRM model in
relationship to the RUM model.

In addition, we extended our models to account for the
heterogeneity in taste to see the relationship of the standard RUM
and RRM models in relation with the extended models. The
remainder of this work is organized as follows: the next section
presents the RRM and RUM frameworks. We then present the
dataset used in this study followed by the Results section. In the
Conclusion section, we summarize our findings.

Methods

Regret would be written as the sum of all possible pairwise
regret comparisons. For instance, regret across two alternatives of
i and j could be written as follows:

RI'=R;, = Z Zln(l + exp(ﬁm.(xjnm - xinm)))>

jH o m

1)

where m and n are indices of attribute and individual,
respectively, and i and j are two arbitrary alternatives. 8, is
the estimated coefficient related to different drivers’ actions. It
should be noted that alternatives are various considered
drivers’ actions, while attributes are different considered
predictors. In Eq. 1, similar f,, would be estimated across
two alternatives. From Eq. 1, it is intuitive that the regret
would be minimized as the variation between attributes
Xjmand X;, is minimal and increases when the variation
between the two attributes increases. Also, Bm provides the
slope of the regret function. In the aforementioned equation,
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in case of the differences between the two attributes being
zero, the related R would be around 1, which would be
considered rejoice.

Again, for the aforementioned equation, similar f3,, was
considered across two attributes. However, more flexibility
could be given to 8, by letting slopes vary across the pairwise
attributes, so we have:

R'=R;, = Z z ln(l + exp(ﬁm.xj,,m —ﬁixi,,m)).

i#j m

2

On the other hand, for the RUM model, the utility of each
alternative is maximized by only using its related attributes, i.e.,

exp(V;) __exp (B, %im) 3)

“yLexp(V)) X exp(Bxim)

In the model parameter’s estimation of the RRM model,
of the
maximized the negative of the regret function, which could

instead minimizing regret  function, we

be written as

exp(-R;)

P, = @

It is clear from Eq. 3 that ,@i in the RUM model highlights the
estimated coefficients, highlighting the contribution of an
attribute to an alternative, while the RRM model highlights
the contribution of a coefficient to the negative of the utility
or regret. The parameters would be estimated by estimating the
log of the aforementioned equation and maximizing it. In case of
presence of a random parameter, the aforementioned equation
could be written as

exP (_Rn)

P, = ||
l Zj:l,...,] exp(—Rj)

S (B [Q)dp. ®)

where 3, is the coefficient of random parameters and () is related
to the parameters of the distribution. It should be noted that in
this study, we considered some predictors for only some drivers’
actions as random. For instance, as can be seen from Table 4, the
dark condition was considered random only for no-improper
driving action.

The log likelihood of the aforementioned model with the
consideration of random heterogeneity could be written as

N
LL =1nY y,(P.),

n=1

(6)

where y, is the response of the model, which would be set to 1 ifa
driver’s action of n was chosen and 0 otherwise. So, for each
observation, the probability of P, would be estimated and then
multiplied by its related response. Also, it should be noted that
in case of having random parameters, those draws have been
added to values of P, already, as shown in Eq. 5. As we do not
have panel data, no multiplication across observations with
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similar ID is needed, and the averaging across the
numbers would be conducted to account for R number of
draws.

As in some of our models we changed the means of the
random parameters based on some observed attributes, it is
worth discussing how that would be employed. For the
standard random parameter, we have ﬂir = B + 0.wj;, where ¢
is the standard deviation and w;, are random draws based on
Halton draws. However, changing the mean of the random
parameter based on some observed attributes is simple and
could be written as

B; =B+ Vxs;+o.wi,

™

where f is the initial value of random parameters, f3,; is a matrix
including the random parameters to be estimated, s; is a covariate
of a parameter that changes the mean of a random parameter,
and V is a matrix of parameters to be estimated. w;, are random
draws based on Halton draws.

Model parameter estimations

The model parameter estimation is based on placing the
related equations of Eqs 5, 1 in Eq. 6 and solving by maximum
likelihood estimation. For Eq. 1, every pairwise comparison of
alternatives would be included. The model is largely dependent
on the implementation of the RUM model and creating the regret
functions.

TABLE 1 Descriptive statistics of important attributes.

Attribute

Electronic communication/passenger/pet inside the cabin (present as 1 versus others)
Vehicle type: heavy truck (yes as 1 versus others)

Gender (female as 1 versus others)

Road condition: icy (true as 1 versus others)

Present of warning signs on the side of the road

DUI (true as 1 versus others)

Driver condition: inattention (true as 1 versus others)

Driver condition: others (fatigue and sleepy) (true as 1 versus others)
Intersection (intersection as 1 versus others)

Lighting condition (dark as 1 versus others)

Vehicle registration (Wyoming as 1 and others as 2)

Age (greater than 40 as 1 and others as 0)

Response

Failure to keep the proper lane

No improper driving was involved

Run off the road

Driving too close

Driving too fast for condition

Others

*Others as a reference category.
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It is obvious that the random parameters would be added to
the regret function and not the regret components. Also, due to
having all individual-specific attributes, the regret function for
one of the attributes would be set to 1. In addition, the random
parameters would not be added to one of the regret functions for
identification. After creating the regret functions, the final values
would be multiplied by -1, similar to Eq. 4, and would be
estimated by the maximum likelihood algorithm by using the
assigned initial values.

Data

The dataset was related to drivers’ actions or maneuvers,
which resulted in crashes from 2015-2019. The dataset is
maintained and provided by the Wyoming Department of
Transportation (WYDOT). The dataset aggregated over three
main datasets: crash, driver, and environment. The crash dataset
includes various characteristics related to crashes, such as type of
crashes, injury level, and number of involved vehicles. Vehicle
characteristics include attributes such as type of vehicle and age,
where the dataset was aggregated based on the common column
of ID. A descriptive summary of important attributes which were
found to be important in the main analyses is presented in
Table 1.

Those drivers’ actions that did not account for a significant
number of actions were categorized under other types of drivers’
action or “others.” Driver actions of others include mainly

Mean Variance Min Max
0.26 0.192 0 1
0.07 0.072 0 1
0.35 0.226 0 1
0.23 0.178 0 1
0.73 0.196 0 1
0.06 0.055 0 1
0.26 0.192 0 1
0.18 0.145 0 1
0.47 0.249 0 1
0.40 0.239 0 1
1.34 0.224 1 2
0.45 0.247 0 1
Frequency %

5,072 7

24,932 35

5,825 8

4,126 6

7,868 11

23,023 33
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TABLE 2 Comparison across various considered models.

ID Model

—_

Standard RRM

Standard RUM

Exclusion of DUI for RUM

Exclusion of DUI for RRM

Exclusion of the driver condition for RUM
Exclusion of the driver condition for RRM
Exclusion of the driver condition and DUI, RUM
Exclusion of the driver condition and DUI, RRM

O e N Y U R W N

Mixed RRM’
Mixed RUM'

[E—
=]

Mixed RRM, change in the random parameter mean

12 Mixed RUM, change in the random parameter mean

Models 1 and 2 were used for the extension of other models.

actions such as overcorrection, steering, improper backing,
unknown, and avoiding animals. It should be noted that all
attributes were converted into binary except for driver
conditions, where categorical characteristics of this attribute
was used. For this attribute based on the judgement of the
cops, it was decided whether drivers were normal, had lack of
attention, or were fatigued/sleepy.

Here, few points should be highlighted regarding the choice
of selected drivers’ actions. Drivers’ actions with the highest
number of observations include “no improper driving (35%),”
“drove too fast for conditions (11%),” “ran off road (8%),” “failed
to yield row (8%),” “failed to keep proper lane (7%),” “following
too close (6%),” and “unknown (5%).” However, the choice of
keeping some of the variables was due to the clarity of those
variables and the objectives of this study. For instance,
“unknown” was not chosen due to the unclarity of variables.
We also incorporated other insignificant/unimportant variables
as “others” in the model. Other variables such as “erratic/
reckless/careless/aggressive (3%)” were incorporated as others
as they highlighted more of drivers’ attitudes and impairments

more than an action.

Results

The Results section is divided in two subsections. First, a
comparison across considered models is presented. The last
subsection presents the best performed model’s results.

Models’ comparisons

It is clear that adjustment of the included attributes and
removal or inclusion of attributes impacts the goodness-of-fit of
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Log likelihood No. of BIC AIC
parameters

—92,698 45 185,898 185,485
-92,421 45 185,345 184,932
-92,464 40 185,374 185,008
-92,638 40 185,723 185,356
-94,724 35 189,840 189,519
-94,930 35 190,251 189,930
—95,740 30 191,815 191,540
-95,691 30 191,717 191,442
—92,050 50 184,657 184,199
-91,741 50 184,041 183,582
—92,025 52 184,630 184,153
-91,710 52 184,001 183,524

05

the models. However, our objective here was to highlight the
relative difference across the two types of model frameworks,
RRM vs. RUM. As explained by Chorus (2012), the clear winner
for the choice options results in an expected small regret and vice
versa. Thus, by the adjustment of some attributes, for example,
DUI and driver condition, the indifference of the drivers against
the possible alternatives might be highlighted.

Based on the mathematical formulation of the RRM model,
which highlights the relative performance of the alternative or
pairwise comparison, it is expected that those attributes that do
not change the competing alternatives result in the deteriorated
RRM model fit, compared with the RUM model. In other words,
the impact of some attributes on regret is expected to be minimal
and as a result, inclusion of attributes would result in model fit
deterioration, compared with the RUM model.

As can be seen from Table 2, we considered the adjustment/
exclusion of various intuitive attributes that might impact the
relative performance of the two standard models of RUM and
RRM. Here, two attributes related to the mental and performance
of drivers, which might impact the choice of drivers in regard to
various alternatives, were considered.

As shown in Table 2, although by the removal of the driver
condition alone, the RRM model did not outperform the RUM
model, by exclusion of both DUI and drivers’ condition, the RRM
model is superior to the RUM model. The changes in the result
performance might be due to the indifferent DUI and those
drivers being under some emotional conditions, which influence
the drivers to be neutral for making the possible actions before
crashes. Although it might be said that the impact could be seen
from the fact that, for instance, some estimates of driver
conditions for RRM are not different from zero, there is no
consistency for this claim and the point could not be seen across
the two attributes. Due to an increase in the model fits, in general,
those attributes were not excluded from the final models.
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TABLE 3 Estimation results of RRM and RUM.

Attribute

Improper lane change

Electronic communication/passenger/pet inside the cabin
Vehicle type: heavy truck

Gender

Road condition: icy

Presence of warning signs on the side of the road

DUI

Driver condition: inattention

Driver condition: others (fatigue and sleepy)

No improper driving maneuver

Electronic communication/passenger/pet inside the cabin
Vehicle type: heavy truck

Gender

Road condition: icy

Presence of warning signs on the side of the road

DUI

Driver condition: inattention

Driver condition: others (fatigue and sleepy)

Run off the road

Electronic communication/passenger/pet inside the cabin
Vehicle type: heavy truck

Gender

Road condition: icy

Presence of warning signs on the side of the road

DUI

Driver condition: inattention

Driver condition: others (fatigue and sleepy)

Electronic communication/passenger/pet inside the cabin
Vehicle type: heavy truck

Gender

Road condition: icy

Presence of warning signs on the side of the road

DUI

Driver condition: inattention

Driver condition: others (fatigue and sleepy)

Drive too fast condition

Electronic communication/passenger/pet inside the cabin
Vehicle type: heavy truck

Gender

Road condition: icy

Presence of warning signs on the side of the road

DUI

Driver condition: inattention

Driver condition: others (fatigue and sleepy)

Random parameters

Haark.no improper driving

Frontiers in Built Environment

RRM

Estimate

-0.39

-0.05
0.37
0.33
0.11
0.03
0.01

-0.82
-0.18
0.16
0.19
1.19
0.04
-0.98
-1.21

-0.39
0.12
-0.08
0.54
0.30
0.24
-0.06
0.07
-0.22
-0.29
0.04
0.02
0.41
0.05
-0.16
-0.63

-0.53
-0.04
-0.09
1.15
0.29
0.10
-0.41
-0.35

-1.15

SE

0.020
0.027
0.015
0.019
0.017
0.036
0.053
0.026

0.020
0.027
0.013
0.018
0.017
0.042
0.030
0.083

0.020
0.027
0.015
0.019
0.017
0.035
0.055
0.026
0.020
0.035
0.015
0.022
0.017
0.044
0.054
0.031

0.021
0.028
0.015
0.018
0.017
0.042
0.030
0.064

0.039

06

10.3389/fbuil.2022.1000289

RUM

t-ratio Estimate SE t-ratio
-20% -0.95 0.049 -19*
7* 0.72 0.073 10*
-3 -0.36 0.039 -9
19* 0.07 0.049 2%
20* 0.54 0.048 1%
3* 0.17 0.080 2%

1 0.30 0.118 3%

0 0.29 0.059 5%
—40* -2.20 0.049 -45*
-7* -0.41 0.067 -6*
12* 0.10 0.031 3*
10* 0.07 0.049 1
70* 3.03 0.047 65*
1 0.11 0.105 1
-32% -2.76 0.077 -36*
~15% ~3.49 0.251 -14%
-20% -0.96 0.048 -20%
4% 0.51 0.073 7*
-5% -0.45 0.039 -12%
29* 121 0.053 23*
18* 0.47 0.048 10*
7* 0.53 0.075 7*
-1 0.03 0.126 0

3* 0.46 0.058 8*
-11% -0.43 0.050 -9
-8* -0.82 0.105 -8*
3* -0.08 0.039 -2*
1 -0.37 0.070 -5%
24* 0.79 0.050 16*

1 -0.07 0.119 -1
-3* -0.30 0.121 2%
-20% -1.71 0.080 -21%
-25* ~1.34 0.052 -26*
-1 -0.03 0.072 0
-6 -0.48 0.037 -13*
63* 2.87 0.050 58%
17+ 0.47 0.048 10*
2% 0.11 0.100 1
~14% -0.93 0.070 ~13%
—5% —0.84 0.156 —5%
-30% 1.16 0.044 27*

(Continued on following page)
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TABLE 3 (Continued) Estimation results of RRM and RUM.

Attribute RRM
Estimate

Odark 1.95
Hintersection.no improper driving 0.67
Olntersection -3.85
Hday of week.fail to keep proper lane -0.81
Oday of week 0.24
Hage.fail to keep proper lane 0.11
Gage 0.68
Hvehicle registration.no improper driving -0.63
Observed heterogeneity 0.79
Bbay of a week * Vresidency 0.32
Biighting condition’ Vday of a week 0.29

*p-value <0.05.

Based on Table 2, it can be seen that despite the minor
differences across the standard RRM and RUM models, the
inclusion of the random parameters to account for the
heterogeneity in the datasets resulted in a significant
improvement in the model fit. For instance, while the
standard RRM model slightly underperformed the RUM
model, i.e., Akaike information criterion (AIC) = 185,485 vs.
Bayesian information criteria (BIC) = 149,932, respectively, both
mixed models outperformed the standard models. In the next
step, we changed the means of the random parameters based on
some observed attributes or observed heterogeneity, which
resulted in minor but significant improvement in models fits,
ID = 12. From Table 2, it can be seen that the final models
accounting for observed heterogeneity outperformed both
standard models.

Model estimation results

As shown in Table 2, models accounting for unobserved
and observed heterogeneity were found to outperform other
considered models. Table 3 presents the estimation results,
along with the standard error (SE) and ¢-ratio with the range
of the significance of the final models, models’ ID =
11 and 12.

To build our regret functions, we used Eq. 2 by setting our
fixed parameters to vary across the alternatives. However, we set
similar coefficients across the random parameters for all
alternatives. We also set the “others” alternative as constant
for identification purpose for both RUM and RRM models. In
addition, for identification, we did not incorporate the random
parameters into one of the regret functions for the RRM model
only, as it was observed that the inclusion of all random
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RUM
SE t-ratio Estimate SE t-ratio
0.080 25% 1.92 0.077 25%
0.046 15% -0.88 0.050 -18*
0.146 -26* —4.41 0.174 —25%
0.088 -9% -0.33 0.096 -4
0.081 3* 0.46 0.077 6*
0.027 4% -0.25 0.029 —9*
0.073 9* 0.76 0.067 1%
0.025 -26* ~0.14 0.027 -5%
0.063 12* 0.94 0.077 12*
0.062 5% 0.49 0.066 7*
0.064 5% -0.24 0.070 -3*

parameters for all functions for the RRM results in no change
in log-likelihood estimates for those random parameters.

The interpretation of 3 in the RRM model would be different
compared with the interpretation of B in the RUM model, as the
RUM model highlights the contribution of attributes to that
alternative, while for the RRM model, the values highlight the
contribution to the regret. Six drivers’ action that accounted for a
significant proportion of drivers’ actions before crashes were
included as alternatives. Those include “improper lane change,”

» o« » o«

“no improper driving,” “run off the road,” “drive too close,”

» <«

“driving too fast for conditions,” and “others.” “No improper
driving” alternative occurred when the driver was not involved in
any type of improper maneuver but still involved in crashes.

The point estimates for the two considered models were
consistent, being in similar directions, which will be discussed
briefly in the next few paragraphs. Some form of distraction in
cabin such as electronic device or passenger/pet in the cabin
resulted in likelihood reduction of making all drivers’
actions. However, it should be noted that “other” types of
drivers’ actions such as oversteering or braking were set as a
reference.

Moving to vehicle type of heavy truck, which was the only
vehicle type incorporated into the analysis due to its significance.
The results highlighted that while heavy trucks are more likely to
be involved with drivers’ actions of run off the road, they are less
likely to involve in other drivers’ actions. The results were
intuitive and highlighted the challenges of controlling the
truck under certain situations. Also, the experience of truck
drivers prevents them from involving in other types of
improper driving actions. Female drivers seem to be more
cautious, so they are less likely to make improper driver
actions than their male counterparts, except for the driver
action of following too close.

frontiersin.org


https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org
https://doi.org/10.3389/fbuil.2022.1000289

Rezapour and Ksaibati

Drivers tend to drive more cautiously under less-than-
optimal road conditions. The results highlighted that under
driving under an icy road condition, the likelihood of making
various risky driver maneuvers would reduce. On the other hand,
the presence of warning signs increases the likelihood of all driver
actions. That might be due to the fact that those warning signs are
installed at the locations with more challenging roadway
characteristics, highlighting itself with drivers possibly making
various improper actions.

Also, the predictor of being under the influence of drugs or
alcohol (DUI) increases the odds of all drivers’ actions. Moving to
the last fixed parameters of driver condition at the time of
involving in various drivers’ actions, the results highlighted
that having inattention and being fatigued decrease making
various drivers’ actions, including no improper action, except
for improper lane change. Also, being fatigued and tired increases
the likelihood of running off the road.

Five attributes were considered random with significant
standard deviations. Also, we changed the means of two
random parameters based on some observed attributes, Eq. 7,
where the means of random parameters of the day of the week
changes based on the residency of drivers and lighting condition
based on the day of the week. As can be seen from Table 3, the
impact of all of those observed heterogeneities was found to be
significant in influencing the means of random parameters.

Finally, Figure 1 is provided to visualize the associations
between various variables and different drivers’ actions. In case of
insignificant variables, the arrow was excluded. Also, due to a
better fit of RUM, the result of that model is provided in Figure 1.
Few points are worthy of discussion from Figure 1. As can be seen
from the figure, heavy trucks are more likely to make drivers’
actions of improper lane change and run off the road. Female
drivers are less likely to commit all drivers’ action, except for no
improper driving. Locations with the presence of warning signs
are likelier to be associated with all drivers’ actions, similar to
DUL Recall that the other types of drivers’ actions, “others,” were
set as a reference category.

10.3389/fbuil.2022.1000289

Conclusion

An extensive work has been carried out in the literature to
evaluate the RRM model in comparison with the RUM model for
choice modeling. The majority of those studies highlighted a
minor but significant difference across the two modeling
alternatives. Despite the importance of studying the drivers’
actions and maneuver before crashes, to the best knowledge of
the authors of this study, only a single study considered the driver
maneuver before crash occurrence, by just using the standard
RRM and RUM models. That is despite the plausibility of the
application of the RRM model in the choice of drivers’ action. In
addition, very limited studies in the context of traffic safety
considered the importance of accounting for heterogeneity in
the dataset or adjusted the means of random parameters by
observed attributes in the context of the RRM model. Also, there
is a lack of understanding related to the psychological aspects of
the drivers that might impact the goodness-of-fit of the RRM
model.

Thus, this study was conducted to not only make a
comparison across the two competing models but also
highlight the impact of considering various attributes in the
modeling frameworks on the RRM goodness-of-fit. Also, one of
our main goals was to show the importance of accounting for the
observed and unobserved heterogeneity of the dataset in the
performances of the models.

The inclusion of the RRM model and making a comparison
with the RUM model unlocked few observations that could not
be revealed by just using the RUM model. For instance, we
found that although the RUM model outperforms the RRM
model by the exclusion of driver condition and DUT attributes,
the RRM model outperforms the RUM model. The possible
reason for the changes were discussed in the context of this
article as those drivers, being under some emotional conditions
or under the influence of alcohol or drug, might have a sense of
indifference in making various driver actions, which, based on
the RRM formulation, is due to the low variation across
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FIGURE 1

Associations between various considered variables and different drivers' actions and RUM model, with other types of drivers’ actions as

reference.
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pairwise comparison resulted in the deterioration of the
model fit.

For instance, considering the RRM model, especially for
improper lane change against all other alternatives, it was
found that the emotional condition of the driver is not an
important factor for shaping the regret, which is despite the
fact that those attributes were found to be important for the
utility of the improper lane change alternative. However, our
goodness-of-fit evaluation highlighted that just exclusion of the
driver condition attribute will not result in superiority of the
RRM model and the exclusion of the DUI attribute, which is
significant across all alternatives, is also needed. This showed the
importance of incorporation of attributes into the regret
function.

The impact was also highlighted, to some extent, in
uncertainty associated with those parameters, especially driver
conditions’ estimates across few driver actions in the RRM
model. Again, from the model’s mathematical formulation,
the impact is expected: while the RUM model assumes that
the drivers making an action with maximizing the utility, the
RRM model assumes that the drivers minimize the regret by
considering various pairwise attributes before making a decision,
for example consider improper lane change vs. all other driver
actions. The results of the previous study also highlighted the
sensitivity of the RRM model for the inclusion of the opt-out
choice (Hess et al., 2014).

Based on the goodness-of-fit measures, we included all
attributes and found that by considering those attributes,
while drivers making actions before involvement in crashes,
they mostly consider maximization of the utility and not
minimization of the regret. However, it should also be noted
that it was obvious from the results that considering the
heterogeneity in the dataset is more
implementation of the RRM or RUM models.

In addition, accounting for unobserved heterogeneity

important than

resulted in a significant improvement in both RRM and RUM
models. Although accounting for observed heterogeneity,
compared with unobserved heterogeneity resulted in a minor
improvement in model fit, the improvement is significant.

More attention and investigation are needed to confirm the
finding of this study. The highlighted results are specific to the
dataset used in this study, and more studies are needed to
compare the methodological approaches used here.

Finally, based on the concept of the RRM model, it was noted
that considering what variables to include makes a huge
difference in the fit of the model. Therefore, in the context of
traffic safety, special attention should be made regarding the
considered variables, instead of just goodness-of- fit across the
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RRM or RUM models. The hybrid model might be considered to
account for the heterogeneity in the decision-making behaviors
of drivers.

In this study, we considered various drivers’ actions as our
response. Also, our predictors, directly or indirectly, were all
related to that factor. For instance, driving a heavy truck or
driving on an icy roadway or presence of warning signs are all
factors indirectly related to the drivers’ attitudes and perceptions
about the hazards.

For the future studies, a hybrid version of the RUM and RRM
models should be used to gain more robustness about the
implemented method. In summary, the application of the
RRM model is recommended to be used along with the RUM
model, by taking into account the heterogeneity of the datasets to
prevent unbiased model parameter estimates. Accounting for the
RRM model is, especially important to highlight those attributes
that deteriorate the RRM fit by showing indifferent choice across
the alternatives.
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