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of transportation incidents and fatalities each year. Drivers text while driving despite being aware of the risks.
Although some factors related to the decision to text while driving have been elucidated, more remains to be
investigated in order to better predict and prevent texting while driving. To study decision making involved in
reading a text message while driving, we conducted a discrete choice experiment with 345 adult participants
recruited from Amazon's Mechanical Turk. Participants were presented with multiple choice sets, each involving
two different scenarios, and asked to choose the scenario in which they would be more likely to text while
driving. The attributes of the scenarios were the relationship to the text-message sender, the road conditions, and
the importance of the message. The attributes varied systematically across the choice sets. Participants were
more likely to read a text message while driving if the sender of the message was a significant other, the message
was perceived to be very important, and the participant was driving on rural roads. Discrete choice experiments
offer a promising approach to studying decision making in drivers and other populations because they allow for
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an analysis of multiple factors simultaneously and the trade-offs among different choices.

1. Introduction

Distracted driving, or engaging in secondary tasks while driving,
results in significant loss of life and monetary damages. In 2018,
distracted driving resulted in 2841 deaths in the United States {National
Highway Traffic Safety Administration, 2020 #2936}. Districted driving
accounted for $39.7 billion or 16 % of all economic costs from motor
vehicle crashes in 2010 (Blincoe et al., 2015). Distracted driving can
involve three types of distraction: visual, manual, or cognitive (National
Highway Traffic Safety Administration, 2017). Common distractions
include reaching for an object (visual and manual), eating (manual), or
talking to a passenger (cognitive). In 2017, 14 % of fatal crashes caused
by distracted driving involved cell phone use (National Center for Sta-
tistics and Analysis, 2019). Cell phone use while driving has been found
to be just as dangerous as driving under the influence of alcohol. A
driving simulations study comparing drivers talking on a phone and
drivers with a blood alcohol concentration of 0.08 % found that the
distracted drivers suffered performance deficits that were just as pro-
found as the drivers under in the influence of alcohol (Strayer et al.,
2006).

One of the most pernicious forms of distracted driving is texting

while driving (TWD) because it involves visual, manual, and cognitive
distractions (Alosco et al., 2012). During a simulated driving task, 66 %
of drivers exhibited lane excursions while texting (Rumschlag et al.,
2015), and in another simulation study, TWD led to five times more
crashes than driving without texting (Bendak, 2015). A study examining
the effects of texting on the simulated driving performance of young
drivers found that in the TWD condition, drivers spent up to 400 % more
time not looking at the road compared to conditions in which they were
not texting (Hosking et al., 2009). A meta-analysis of driving simulation
studies concluded that reading and typing text messages while driving
diverts attention away from the road, increases response time to haz-
ards, and increases the risk of crashing (Caird et al., 2014). Despite the
risks, TWD remains prevalent. In a large naturalistic study, 23 % of
drivers were observed using their phones and 9 % of drivers were
observed TWD (Kruger et al., 2018). Several surveys have also indicated
a similar pattern. A survey of U.S. drivers found that for 30 days prior to
the survey 48 % and 33 % reported reading or writing texts while
driving, respectively (Gliklich et al., 2016). In an online survey of drivers
aged 18-64 years old, 31 % reported that they had read or sent text or
e-mail messages while driving in the last 30 days (Naumann and Del-
linger, 2013).
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Drivers text while driving despite being aware of the risks. College
students reported TWD with relative frequency despite also agreeing
that it is dangerous and should be illegal (Harrison, 2011) and that it is
just as dangerous as driving while legally intoxicated (Terry and Terry,
2016). In another study surveying young drivers, the majority of re-
spondents reported that initiating, replying to, and reading a text while
driving were more dangerous than talking on a cell phone. The re-
spondents in that study also rated reading a text while driving as a
dangerous behavior (a mean score of 4.63 on a scale from 1 to 7), yet 92
% of the young drivers reported reading a text while driving (Atchley
et al., 2011). Research also suggests that drivers are more likely to text
while driving farther from their destination (Hayashi et al., 2018, 2016),
while stopped at a red light (Bernstein and Bernstein, 2015), or while
driving at slower speeds (Oviedo-Trespalacios et al., 2017). Although
some of these factors related to the decision to text while driving have
been elucidated, more remains to be investigated in order to better
predict and prevent texting while driving.

Behavioral economics has been one tool that has been used more
recently to quantify some of the factors that affect the decision to text
while driving. Behavioral economics has been defined as “the applica-
tion of economic concepts and approaches to the molar study of in-
dividuals® choices and decisions” (Bickel et al., 2014, p. 643). The
behavioral economic process of discounting has been used to conceptu-
alize TWD; discounting refers to the process by which delayed or prob-
abilistic outcome loses its value as a function of the delay to or
probability of the receipt of the outcome, respectively. Individuals who
more steeply discount delayed outcomes are more likely to engage in
text messaging while driving (Hayashi et al., 2015). Additionally, dis-
counting can quantify the likelihood with which people are willing to
wait to respond to a text message when driving (Hayashi et al., 2016). A
similar study examined how the likelihood of a car crash affected the
likelihood of waiting to respond to a text message (Hayashi etal., 2018).

1.1. Discrete choice experiments

Although the decision to text while driving likely invelves numerous
factors, previous studies have only examined some of the factors, usually
in isolation of other factors, or studies have compared multiple quanti-
tative outcomes (e.g., distance and probability of a car crash). One
method for examining choice behavior that is frequently used in other
fields but has not been as broadly applied with safety-related choices is
discrete choice experiments (DCEs). With a DCE, one can easily arrange
choices among options that differ according to both qualitative and
quantitative factors. The approach is also well-suited to choice contexts
that include multiple factors that are inextricable or may potentially
interact with one another. The goal of the present study was to assess the
effects of multiple factors simultaneously on the likelihood of TWD by
using a DCE.

DCEs are a behavioral economic approach to systematically assess
individual preferences among products or services, and they have been
widely implemented in marketing (Chandukala et al., 2008), health
economics (de Bekker-Grob et al.; 2012), and environmental valuation
(Hoyos, 2010), among other fields. For example, a participant in a DCE
might be asked to choose between two different products (e.g., cell
phones that differ in screen size, storage amount, and price) or two
different services (e.g., diabetes treatment programs that differ in
length, content, and cost). In a DCE, two or more alternatives presented
to the participant are termed a “choice set”, and the characteristics or
features of each alternative are termed “attributes”. A typical DCE is
comprised of multiple choice sets in which the attributes of the alter-
natives are systematically varied. Analysis of the participants’ choice
patterns across the choice sets can reveal the influence of the different
attributes on choice. Additionally, DCEs can be used to understand any
trade-offs among the attributes that affect preferences. Previous studies
investigating texting while driving have not evaluated multiple quali-
tative variables (e.g., weather, road conditions, etc.) simultaneously,
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and the DCE is an appropriate methodology with which to do so.

DCEs were first proposed by McFadden (1974) and are rooted in the
random utility theory (Thurstone, 1927) of behavior. As it relates to DCEs,
the random utility theory proposes that each choice alternative being
considered has a latent “utility” and individuals will always choose the
choice alternative that has the greatest utility. As utility is a latent
construct, it is not directly observable, but it can be derived by studying
choice patterns (J. J. Louviere, 2001). Discrete choice experiments are
designed to systematically vary the attributes associated with choice sets
to determine the utility derived (or lost) by each attribute. The derived
measures of utility consist of two components: systematic utility and
random utility (J. J. Louviere et al., 2010). The systematic component
consists of the attributes of the alternatives and the characteristics of the
individual. The random component consists of the factors responsible
for the preference that cannot be identified (for example, if they went
unmeasured) and measurement error that is an inherent part of any
measurenent procedure (J. Louviere et al., 2000). The basic axiom of
random utility theory is:

Uni = Vi + €ni

where U,; is the latent, unobservable utility that person n associates with
choice alternative i, V,; is the systematic, explainable component of
utility that individual n associates with choice alternative i, and &,; is the
random component.

1.2. Study objectives

The present study applied the behavioral economic framework of
DCEs to study decision making involved in reading a text message while
driving. Participants were presented with multiple choice sets, each
involving two different scenarios, and asked to choose the scenario in
which they would be more likely to text while driving. The attributes of
the scenarios were varied systematically across the choice sets. To select
the attributes to include, we conducted reviews of the relevant literature
and consulted with subject matter experts. Previous research has found
that individuals are more likely to respond to a text immediately rather
than waiting to reply when the text sender is closer to them in social
distance (e.g., a significant other) in both driving (Foreman et al., 2019)
and non-driving contexts (Atchley and Warden, 2012). Other factors,
such as the perceived importance of a phone call (Nelson et al., 2009)
and road conditions (Atchley et al., 2011) have been found to be a strong
predictor of talking on the phone while driving. Both middle-aged adults
(Engelberg et al., 2015) and younger adults (Schroeder and Sims, 2014)
report TWD at high rates while stopped at red lights. Therefore, we
selected relationship to the text message sender, the perceived impor-
tance of the message, and road conditions as the attributes for the DCE.

In addition, we compared a sample of drivers who did and did not
drive for work to assess whether this factor interacts with the afore-
mentioned factors on the decision to text while driving. Motor vehicle
crashes are the leading cause of workplace fatalities (U.S. Department of
Labor, 2019), and driver distraction has been shown to increase the
likelihood of motor vehicle crashes among commercial large-truck
drivers (Peng and Boyle, 2012; Zhu et al., 2011) and increase the like-
lihood that a crash will be fatal (Bunn et al., 2005). Employees who drive
for organizations with stronger safety climates and greater management
support for safe driving have reported lower rates of distracted driving
(Wills et al., 2006) and distracted-related crashes (Swedler et al., 2015).
It is conceivable that those who drive for work within an organization
that emphasizes safe driving may engage in safer driving practices
outside of work. Therefore, it would be important to evaluate whether
there were any differences in choice behavior between those who did
and did not drive for work in our sample.

The main objective of the present study was to assess the most
important factors that influence drivers’ decisions to read a text while
driving. Based on the existing evidence, we hypothesized that the
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relationship to the sender would have the greatest utility in the selection
of choice scenarios, followed by the perceived importance of the mes-
sage and the road conditions. The design and implementation of a DCE
to study TWD allowed for a simultaneous assessment of multiple cate-
gorical attributes that may affect the decision to read a text while driving
in contrast to previous studies in which small numbers of continuous
variables were examined independently (e.g., distance to destination
and probability of a crash). A secondary objective was to conduct an
exploratory analysis of the choices of participants who report driving for
work and assess whether their choices differed from those of participants
who did not drive for work.

2. Methods
2.1. Participants

Participants (N = 345) were recruited from Amazon’s Mechanical
Turk (MTurk), an online crowdsourcing platform in which individuals
are compensated for completing short tasks or surveys (termed human
intelligence tasks; HIT). Although a sample size of 100 participants is
typically sufficient for DCEs (Pearmain and Kroes, 1990), we wanted
ensure sufficient power for evaluating interaction effects. Participants
were eligible for the HIT of this study if they lived in the United States,
were over 18 years of age, possessed a U.S. driver’s license, and owned
or possessed a cell phone capable of sending or receiving text messages.
Participants self-reported on each of the eligibility criteria. Individuals
who drive for work also had to be employed outside of completing tasks
on MTurk and drove a vehicle for work other than commuting. The
survey HIT was only available to those who consistently completed HITs
with a high degree of accuracy (i.e., 95 % of previously completed HITs
accepted as satisfactory). The survey also included questions that were
attention checks (see below), and data from participants who did not
pass attention checks or who did not answer all of the questions were
dropped from the analysis (n = 20). Participants were compensated
$1.00 for successful completion of the survey. The research was con-
ducted with approval from Pennsylvania State University’s Institutional
Review Board.

2.2. Materials

The survey was hosted on Qualtrics (Qualtrics XM, Provo, UT).
Various sections of the survey, described below, were presented to
participants in a pseudorandom order, as determined by Qualtrics’s
randomization function. The survey questions contained within each
section were presented in a fixed order.

The survey consisted of demographic questions (age, gender, race,
ethnicity, and education), a brief assessment of the respondent’s driving
habits, and the DCE. Other items that were included in the survey but are
not relevant for the present study were the Distracted Driving Survey
(Bergmark et al., 2016), the Barratt Impulsiveness Scale (BIS) (Patton
et al., 1995) and an eight-item delay discounting questionnaire (Gray
et al., 2014). The respondents were asked if they were employed outside
of completing HITs on MTurk and whether they drove for work, not
including commuting to and from home.

2.3. Discrete choice experiment

Another section of the survey consisted of a DCE. The DCE was
constructed based on a well-cited guidance document (e.g., Johnson
et al.,, 2013). As an important first step, we conducted a review of the
relevant literature related to TWD and consulted subject matter experts
to develop a list of potential attributes and levels. The list of potential
attributes and levels was then refined to the final three attributes and
associated levels (see Table 1).

Considering the small number of attributes and levels, it was not
possible to include all of the attributes in each choice profile while still
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Table 1
The attributes, levels, and definitions.

Attribute Level Definition

Relationship to
Sender
Family Member
Significant Other
Boss
Casual Friend

Road Conditions
City/Heavy Traffic "City streets with numerous stop lights;

traveling 0—25 miles per hour"

Highway/ "Interstate roads; traveling 5570 miles
Moderate Traffic per hour"
Rural/Light Traffic "Curvy, 2-lane roads; traveling 3550

miles per hour"

Importance
Very Important
Moderately
Important
Not Important

keeping the total number choice sets to a minimum number necessary
for the analysis. One consideration for determining the array of choice
sets and the arrangement of those choice sets (i.e., choice alternatives in
each question) is that including pairwise comparisons of every permu-
tation of attributes and levels is often impractical, and, therefore, re-
searchers must rely on a limited array of profiles in the final DCE. For
example, with our attributes and levels, if all possible combinations of
attributes and levels in Table 1 were compared in a two-alternative
design, then there would be 36 (4 * 3 * 3) possible profiles and 630
(36 * (36—1) / 2) possible combinations of two-alternative choice
questions. There are several techniques to determine a limited array of
profiles across choice sets that will lead to sufficient information for later
statistical analysis (Johnson et al., 2013; Street et al., 2008). We elected
to use a Bayesian D-optimal design constructed by JMP software (SAS
Institute, Cary, North Carolina, USA). The final design resulted in 2
blocks of 12 choice sets with 2 choice profiles per set; all three attributes
were permitted to vary within a choice set. Participants were randomly
assigned to see only one of the two blocks of choice sets. A screenshot of
one question from the DCE is shown in Fig. 1 as an example.

2.4. Data analysis

The analyses for the DCE portion of the survey was conducted with
NLogit (Econometric Software, Inc., Plainview, NY). Sociodemographic
characteristics that were included in the DCE analysis were modeled as
non-random categorical parameters which were dummy coded. The
levels for each attribute were also dummy coded. We first conducted
analyses using the multinomial logit model based on the following
equation: V = fi, + ;RELATIONSHIP + f,ROAD + 5, IMPORTANCE +

e, where V is the utility of a given driving scenario, By is a constant
reflecting a right- or left-side bias in scenario selection, and pq, B, and 3
are coefficients indicating the relative importance of each of the attri-
butes. To account for the presence of preference heterogeneity across
participants, we then estimated a mixed-logit model that included
random effects as well as fixed effects because the random effects can
often account for potential variation in relative preferences across par-
ticipants (Hauber et al., 2016). This is in contrast to the multinomial
logit model, which assumes homogeneous preferences across partici-
pants (Train, 2009). A mixed-logit model is similar to a mixed-effects
regression in that some coefficients are fixed and others are random.
The mixed-logit estimation relies on boot-strapped estimators. For our
estimation, we specified 2000 Halton draws, indicating that the ob-
tained choice data were a panel (i.e., multiple choices by each partici-
pant), and that there was unobserved preference heterogeneity. Initially,
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Your relationship to
Sender Boss

Your relafioship Significant other

City/heavy traffic

Traffic conditions

Traffic conditions

City/heavy traffic

Your perceptions of the Very important

message’s importance

Your perceptions of the Moderately important

message's impontance

Fig. 1. A screenshot of a DCE question presented to participants during the survey.

the mixed-logit models were estimated with random effects for each
attribute and level. To determine the most parsimonious model, if the
distribution of a random parameter was not statistically significant (at p
< .05), then the specification of the parameter was reverted to a fixed
effect. The final model (reported below) included N fixed effects and M
random effects. We calculated marginal effects for each level based on
the final mixed model (Hensher et al., 2005).

3. Results

The demographic characteristics of the respondents are shown in
Table 2. Approximately half of the respondents were male (51.1 %),
white (83.1 %), non-Hispanic (92.6 %), and had at least some college
education (91.4 %). Approximately 50 % of the sample drove for work.

The parameter estimates for the multinomial and mixed-logit models
are in Table 3. In the mixed logit model, all attribute parameters were
initially specified as random linear parameters with normal distribu-
tions. In the initial mixed logit, only two of the random parameters (Very
Important and Moderately Important) had significant standard de-
viations, indicating that there was significant variance in those param-
eters from the mean and thus a fixed parameter was not appropriate.
Therefore, the attributes with significant standard deviations were
retained as random parameters and attributes with non-significant
standard deviations were reverted to fixed parameters. To assess the
differences in choices between those who do and do not drive for work,
the Drive for Work variable was included in the mixed-model as an
interaction term. It is also important to note that the reported regression
coefficients relate the attribute levels to the utility associated with

Table 2
Demographic Characteristics of the Sample.

Characteristic Mean (+SD) or

number (%)

Age 362  (£11.8)
Gender

Male 166  (51.1)

Female 159 (48.9)
Race

White 270 (83.1)

Black or African-American 30 (0.9)

Asian 18 (5.5)

American Indian or Alaska Native 6 (1.8)

Native Hawaiian or Other Pacific Islander 0 (0.0)

Other 7 (2.6)
Ethnicity

Non-Hispanic 301 (92.6)

Hispanic 23 (7.1)

No Response 1 (0.3)
Education

Less than high School 1 (0.3)

High School/GED 27 (8.3)

Some College 85 (26.2)

2-Year College 47 (14.5)

4-Year College 123 (37.8)

Graduate Degree 42 (12.9)
Drive for Work

Yes 161 (49.5)

No 164  (50.5)

responding to a text message that has that attribute. A positive regres-
sion coefficient indicates that utility is gained by responding to a text
message with that feature and, all else being equal, on average a person
is more likely to respond to a text message that has that feature. A
negative regression coefficient indicates that utility is lost by responding
to a text message with that feature and, all else being equal, on average a
person is less likely to respond to a text message that has that feature. A
significant coefficient (p < .05) indicates that the attribute level had a
significant effect on the decision to text while driving relative to the base
case level, and the sign of the coefficient indicates the direction of the
effect.

In the multinomial logit model, all of the regression coefficients were
significant. With regard to the effects of the sender on the decision to
read a text message while driving relative to the reference case (Casual
Friend), Significant Other (f: 1.24, 95 % CI 1.08-1.39) had the greatest
impact on utility, followed by Family Member (f: 1.21, 95 % CI
1.05-1.37) and Boss (f: 0.58, 95 % CI 0.43 to 0.72). In terms of the
importance of the text message, in comparison to the reference case (Not
Important), Very Important (p: 2.03, 95 % CI 1.86-2.20) messages had
the greatest influence on utility followed by Moderately Important (f:
1.05, 95 % CI: 0.89-1.20) messages. In terms of the road condition, in
comparison to the reference case (Rural), Highway (p: —0.40, 95 % CI
—0.53 to —0.27) roads had the greatest influence on utility followed by
City (p: —0.19, 95 % CI: —0.33 to —0.07) roads.

The pattern of results obtained with the mixed-logit model were
similar to the pattern of results obtained with the multinomial logit
model. In the mixed logit model, the coefficients for Moderately
Important and Very Important were random effects indicating that there
was preference heterogeneity across participants for the strength of the
importance of the message in the decision to read a text while driving.
This preference heterogeneity indicates that the pattern of results for the
multinomial logit model, particularly the coefficients associated with
Moderately Important and Very Important text messages, are not
accurate.

For the Driving Status by attribute level interactions with the mixed-
logit model, there were several significant interactions. In terms of
sender, relative to the reference case (Not Drive for Work x Casual
Friend), Drive for Work x Family Member (p: —0.86 95 % CI: —1.33 to
—0.39) and Drive for Work x Significant Other (f: —0.75, 95 % CI:
—1.28 to —0.22) had significantly less of an impact on the utility of a
scenario. In terms of importance of the message, relative to the reference
case (Not Drive for Work x Not Important), Drive for Work x Very
Important (f: —0.75, 95 % CI: —1.28 to —0.22) and Drive for Work x
Moderately Important (p: —0.75, 95 % CI: —1.28 to —0.22) also had
significantly less of an influence on utility. Additionally, relative to the
reference case (Not Drive for Work x Rural), Drive for Work x Highway
(p: 0.51, 95 % CI: 0.08 to 0.93) and Drive for Work x City (f: 0.56, 95 %
CI: 0.07-1.05) roads had significantly more of an impact on the utility of
a texting scenario. The Drive for Work x Boss interaction coefficient was
not statistically significant.

The marginal effect of each attribute level on the decision to read a
text while driving—expressed as the change in the choice proba-
bility—is shown in Fig. 2. These marginal probabilities indicate how
each attribute level affects the likelihood of reading a text message
relative to the basal level of reading a text message while driving. For
example, a participant was 27 % more likely to read a text message if it
was very important relative to their baseline likelihood of reading a text
message. Thus, these marginal effects represent the translation of the
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Table 3
Beta coefficients and 95 % confidence intervals for the multinomial logit model (left) and mixed-logit model (right).
Multinomial logit model Mixed logit model
Attributes/statics Mean 95 % CI P value Mean 95 % CI P value SD 95 % CI P value
Relationship
Family Member 1.21% 1.05 1.37 .0000 2.22% 1.82 2.62 .0000 - - -
Significant Other 1.24% 1.08 1.39 .0000 2.39% 1.92 2.86 .0000 - - -
Boss 0.58% 0.43 0.72 .0000 1.28% 0.86 171 .0000 - - -
Casual Friend - - - - - - - - - - -
Road
Highway —0.40* —0.53 —0.27 .0000 —0.95* -1.29 —0.61 .0000 - - -
City —0.19% —-0.33 —0.06 .0035 —0.93% —1.33 —0.53 .0000 - - -
Rural - - - - - - - - - - -
Importance of Text
Very Important 2.03% 1.86 2.20 .0000 8.14% 5.35 10.94 .0000 6.68% 3.97 9.39 .0000
Mod Important 1.05% 0.90 1.21 .0000 2.99% 2.08 3.89 .0000 2.31% 1.21 3.42 .0000
Not Important - - - - - - - - - - -
Drive for Work
x Family Member —0.86% -1.33 —0.40 .0003 - - -
x Significant Other —0.74% -1.28 —0.22 .0058 - - -
x Boss —0.51 —1.04 0.01 .0561 - - -
x Casual Friend - - - - - - -
x Highway 0.51% 0.08 0.93 .0198 - - -
x City 0.56* 0.07 1.05 0242 - - -
x Rural - - - - - - -
x Very Important —2.37% —3.63 -1.10 .0003 - - -
x Mod Important —0.75% —1.42 —0.08 .0290 - - -
x Not Important - - - - - - -
AIC 4294.8 4208.3
Pseudo R? 0.21 0.23
Observations 3900 3900
Sample Size 325 325
BRoad Type Rural
ORelationship to Sender
@ Importance City
Highway
Casual Friend ———
— Boss
——— Sig. Other
3  Family Member
Not Important
e |\Ioderately Important
Very Important
-40 -30 -20 -10 0 10 20 30 40

Percent Change in Probability of Choice

Fig. 2. The percent change in the probability of the choice to read a text while dr

Important text from a Casual Friend).

mixed-logit utility function coefficients into how those attribute levels
affect the choice to read a text message. The levels for Importance had
the largest effect on choice and the Road Type had the smallest effect on
choice. If the text in the scenario was Very Important, the scenario was
27 % more likely to be chosen. If the text in the scenario was Moderately
or Not Important the scenario was 17 % more likely and 27 % less likely
to be chosen, respectively. For the Relationship to the Sender attribute, if
Family Member, Significant Other, or Boss was in the scenario, then that
scenario was more likely to be chosen, but if Casual Friend was in the
scenario, then it was 14 % less likely to be selected.

iving in comparison to the reference case (on a Rural Road when you receive a Not

4. Discussion

4.1. Factors affecting the decision to text while driving

In the present study, a DCE was used to investigate the decision
making of drivers when faced with hypothetical TWD scenarios. When
drivers were asked under which of two circumstances they are most
likely to read a text message, the factor that had the greatest effect on
choice was the importance of the message. These results are consistent
with previous studies that found that the perceived importance of a
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phone call was a strong predictor of talking on a cellphone while driving
(Nelson et al., 2009).

The sender of the text message had a smaller but still significant
effect on drivers’ decisions to read a text message. The present findings
are consistent with other studies on social distance. For example, when
the sender of a message or a caller was more socially distant, teen drivers
were more likely to ignore texts (McDonald and Sommers, 2015) and
less likely to talk on the phone (LaVoie et al., 2016) while driving. In a
study that examined texting while driving and social distance, partici-
pants were more likely to text while driving as the sender became closer
to them in social distance (e.g., dearest friend or relative) (Foreman
et al,, 2019). The present findings are also consistent with texting
behavior outside of a driving context, as a study by Atchley and Warden
(2012) that participants were more willing to wait to reply to a text
message from someone who was more socially distant compared to
senders who were closer to them in social distance.

In the present study, drivers were less likely to read a text message in
city traffic (i.e., stop-and-go) compared to highway or rural road con-
ditions. These results contrast the finding that young adult drivers re-
ported that they were more likely to read a text message when stopped at
a stop sign as well as in “calm” road conditions, and less likely to read a
text message on the highway or in “intense” road conditions (Atchley
et al., 2011). The divergence in our results from the prior study may
have occurred because the road conditions in the present study included
both road type (city, highway, or rural) and amount of traffic (heavy,
moderate, or light). It is possible that participants may not have read or
completely comprehended the definitions for the different levels of road
conditions that were provided. If we had fully separated the type of road
conditions (e.g., congested, not congested) from the actions of the cars
on that road (e.g., stopped traffic, slow traffic, fast traffic, etc.) then the
results may have been consistent with previous research.

The analyses comparing participants who drove for work and those
who do not drive for work were exploratory, and thus our conclusions
are also limited. The utility of the attributes in the DCE scenarios were
significantly different for those who drove for work compared to those
who did not drive for work based on the significant interactions between
Drive for Work and the levels of the attributes. Compared to those who
did not drive for work, participants who drove for work derived less
utility from the relationship of the sender (Family Member and Signif-
icant Other) and the importance of the message (Very Important and
Moderately Important) and derived greater utility from the road con-
ditions (City/Heavy Traffic and Highway/Moderate Traffic). Although
the difference in the coefficients between the two groups were statisti-
cally significant, the reasons for these differences are unknown. Future
studies could ask about the rules concerning distracted driving at their
jobs because the policies and practices within organizations related to
TWD may affect workers’ driving behavior at work and outside of work.
Perhaps stricter policies around cellphone use while driving within
workplaces would encourage those who drive for work to behave more
safely during non-work driving. Additionally, including the amount of a
potential fine for being caught TWD as an attribute could have helped to
differentiate the groups. It is possible that those who drive for work are
less risk averse while driving than those who do not, and there is evi-
dence that those who drive for work in a company vehicle are involved
in more car accidents than those who use a personal vehicle (Clarke
et al., 2005; Downs et al., 1999). The DCE in the present study only
asked about decision making associated with TWD during non-work
activities (e.g., personal errands), whereas decision making may differ
depending on whose car is being driven or whether the driver is
currently working.

Although the present study was primarily a demonstration of the
DCE methodology with drivers’ decision making, there may be some
implications for public policy and guidance. The results indicate that the
factor with the greatest effect on the decision to read a text message
while driving was the importance of the message, and message impor-
tance has been a focus of some insurance campaigns. For example, in
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2018, many Allstate Insurance slogans included the phrase, “No text is
important enough to risk a life,” in their social media advertisements for
that company’s Drivewise program (Kevin Olp: Allstate Insurance, 2018).
In relation to texting while driving for work, a study of a cohort of in-
dividuals who drive for work found that one of the predictors of safety
performance was management commitment to fleet and driver safety
(Wills et al., 2006). Therefore, adherence to company texting while
driving policies by managers and supervisors (e.g., not sending drivers
text messages while they are known to be driving) may help ensure a
safer climate for their driving workers.

4.2. Study limitations and future directions

There are several limitations to the present study. First, the amount
of information that could be extracted from the DCE design was some-
what limited given that only three attributes were included in the study
design. In any well-designed DCE, there is a tradeoff between the
number of attributes and levels in the study design and the amount of
cognitive burden imposed on the participants. If there are too many
attributes, then the quality of the data may suffer because the partici-
pants are not attending to all of the attributes (Alemu et al., 2013).
Future research could investigate a greater number of attributes,
perhaps by using a partial profile design in which only a select number of
attributes are presented to each participant (Kessels et al,, 2011).
Although these designs do require a relatively large number of partici-
pants, the design decreases the potential cognitive burden on the par-
ticipants while still allowing the researchers to examine a larger number
of attributes.

A second limitation was that all of the attributes studied were cate-
gorical variables. Including a continuous variable, like cost of a driving
citation, permits the computation of equivalence calculations, such as
maximum acceptable risk (Bridges et al., 2011). In the present study,
inclusion of a variable like a monetary fine or penalty for TWD could
have expanded the present analysis beyond only ranking the importance
of the attributes and levels. Future research could incorporate contin-
uous variables, such as risk of a crash or the amount of a fine, into a
discrete choice experiment to assess how much risk would be tolerated
under different texting scenarios.

Third, there was no “opt out” option in which the participant could
select neither scenario. In the present study participants were forced to
make a choice between texting in two different scenarios. It is quite
possible that some participants would not have responded to a text
message under any condition in a more naturalistic or real-life situation.
This may have limited the realism of the DCE choice sets because, in real
life, drivers can always choose to not engage in cellphone use while
driving. Future studies could expand the DCE methodology to include
writing text messages and other types of cellphone use while driving and
include continuous variables and opt-out options to increase both the
potential implications of the findings and the realism of the DCE,
respectively.

Additionally, our sample was relatively young (the mean age was
36.2) and was primarily composed of non-Hispanic whites who had at
least some college education. Although the demographic characteristics
of drivers were not a focus of the present study, future research could
examine differences in decision making across diverse groups.

DCEs can further expand avenues of research on distracted driving.
In addition to assessing driver decision making and behavior, DCEs can
also be used to assess preferences among different driver monitoring
technologies, such as smartphone applications that block calls and
screen notifications of email and text messages while driving. For
example, a DCE could evaluate the acceptability of attributes of poten-
tial new technologies, such as the ease of use and cost of a new smart-
phone application, related to decreasing or preventing cellphone use
while driving, especially considering that some current technologies (e.
g., software that blocks phone use while driving) have not been adopted
by drivers outside of research study protocols (Creaser et al., 2015;
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Funkhouser and Sayer, 2013). Similarly, DCEs can be used with relevant
driver populations to evaluate the potential effectiveness of new public
service campaigns in changing driver behavior (cf. Hayashi et al.
(2019)). The aspects of a potential campaign, such as the tagline,
included statistics (e.g., X number of drivers crash due to texting), and
message framing (e.g., negative or positive), could be manipulated and
shown to samples of drivers to assess under which combination of at-
tributes they would be more compelled to alter their
texting-while-driving behavior.

4.3. Conclusions

The present study demonstrated the use of a DCE to examine decision
making of drivers related to reading text messages while driving. When
choosing between two hypothetical scenarios in which the relevant
factors were evaluated simultaneously, participants were more likely to
read a text message while driving if the sender of the message was a
significant other, the message was perceived to be very important, and
the participant was driving on rural roads. DCEs offer a promising
approach to studying decision making in drivers and other populations
because they allow for an analysis of multiple factors simultaneously
and the trade-offs among different choices. DCE methods provide safety
researchers with additional survey designs and analytical tools to more
effectively assess factors that directly influence safety-related decisions
and behavior, which would contribute to the development of effective
prevention and intervention strategies for the problem.

Disclaimer

The findings and conclusions in this report have not been formally
disseminated by the National Institute for Occupational Safety and
Health, Centers for Disease Control and Prevention and should not be
construed to represent any agency determination or policy.

Funding

This work was supported by a Research Development Grant, Office of
Academic Affairs, Pennsylvania State University, Hazleton.

CRediT authorship contribution statement

Anne M. Foreman: Conceptualization, Methodology, Formal anal-
ysis, Writing - original draft. Jonathan E. Friedel: Formal analysis,
Writing - original draft. Yusuke Hayashi: Conceptualization, Method-
ology, Writing - review & editing. Oliver Wirth: Methodology, Writing -
original draft, Supervision.

Declaration of Competing Interest

The authors have no conflicts of interest to declare. All co-authors
have seen and agree with the contents of the manuscript and there is
no financial interest to report. The submission is original work and is not
under review at any other publication.

Appendix B. Supplementary data

Supplementary material related to this article can be found, in the
online version, at doi:https://doi.org/10.1016/j.aap.2020.105823.

References

Alemu, M.H., Morkbak, M.R., Olsen, S.B., Jensen, C.L., 2013. Attending to the reasons for
attribute non-attendance in choice experiments. Environ. Resour. Econ. 54,
333-359.

Alosco, M.L., Spitznagel, M.B., Fischer, K.H., Miller, L.A., Pillai, V., Hughes, J.,
Gunstad, J., 2012. Both texting and eating are associated with impaired simulated
driving performance. Traffic Inj. Prev. 13, 468-475.

Accident Analysis and Prevention 149 (2021) 105823

Atchley, P., Warden, A.C., 2012. The need of young adults to text now: using delay
discounting to assess informational choice. J. Appl. Res. Mem. Cogn. 1, 229-234.
https://doi.org/10.1016/j.jarmac.2012.09.001.

Atchley, P., Atwood, S., Boulton, A., 2011. The choice to text and drive in younger
drivers: behavior may shape attitude. Accid. Anal. Prev. 43, 134-142, hitps://doi.
0rg/10.1016/j.aap.2010.08.003.

Bendak, S., 2015. Objective assessment of the effects of texting while driving: a simulator
study. Int. J. Inj. Contr. Saf. Promot. 22, 387-392. https://doi.org/10.1080/
17457300.2014.942325.

Bergmark, R.W., Gliklich, E., Guo, R., Gliklich, R.E., 2016. Texting while driving: the
development and validation of the distracted driving survey and risk score among
young adults. Inj. Epidemiol. 3, 7.

Bernstein, J.J., Bernstein, J., 2015. Texting at the light and other forms of device
distraction behind the wheel. BMC Public Health 15, 968-972.

Bickel, W.K., Johnson, M.W., Koffarnus, M.N., MacKillop, J., Murphy, J.G., 2014. The
behavioral economics of substance use disorders: reinforcement pathologies and
their repair. Annu. Rev. Clin. Psychol. 10, 641-677. https://doi.org/10.1146/
annurev-clinpsy-032813-153724,

Blincoe, L.J., Miller, T.R., Zaloshnja, E., Lawrence, B.A., 2015. The Economic and
Societal Impact of Motor Vehicle Crashes, 2010 (Revised) (DOT HS 812 013).
Washington, D.C.

Bridges, J.F., Hauber, A.B., Marshall, D., Lloyd, A., Prosser, L.A., Regier, D.A., et al.,
2011. Conjoint analysis applications in health—a checklist: a report of the ISPOR
good research practices for conjoint analysis task force. Value Health 14, 403-413.

Bunn, T.L., Slavova, S., Struttmann, T., Browning, S.R., 2005. Sleepiness/fatigue and
distraction/inattention as factors for fatal versus nonfatal commercial motor vehicle
driver injuries. Accid. Anal. Prev. 37, 862-869.

Caird, J.K., Johnston, K.A., Willness, C.R., Asbridge, M., Steel, P., 2014. A meta-analysis
of the effects of texting on driving. Accid. Anal. Prev. 71, 311-318.

Chandukala, S.R., Kim, J., Otter, T., Rossi, P.E., Allenby, G.M., 2008. Choice Models in
Marketing: Economic Assumptions, Challenges and Trends, Vol. 2. Now Publishers
Inc., Boston, MA.

Clarke, D.D., Ward, P., Bartle, C., Truman, W., 2005. An in-depth study of work-related
road traffic accidents. Road Safety Res. Rep.

Creaser, J.I., Edwards, C.J., Morris, N.L., Donath, M., 2015. Are cellular phone blocking
applications effective for novice teen drivers? J. Safety Res. 54, 75 €29-78.

de Bekker-Grob, E.W., Ryan, M., Gerard, K., 2012. Discrete choice experiments in health
economics: a review of the literature. Health Econ. 21, 145-172.

Downs, C., Keigan, M., Maycock, G., Grayson, G., 1999. The Safety of Fleet Car Drivers: a
Review. Report No. Crowthorne. Transport Research Laboratory, Berkshire.

Engelberg, J.K., Hill, L.L., Rybar, J., Styer, T., 2015. Distracted driving behaviors related
to cell phone use among middle-aged adults. J. Transp. Health 2, 434-440. https://
doi.org/10.1016/j.jth.2015.05.002.

Foreman, A.M., Hayashi, Y., Friedel, J.E., Wirth, O., 2019. Social distance and texting
while driving: a behavioral economic analysis of social discounting. Traffic Inj. Prev.
1-6.

Funkhouser, D., Sayer, J.R., 2013. Cellphone filter/blocker techonology field test. Report
No. DOT HS 811, 863.

Gliklich, E., Guo, R., Bergmark, R.W., 2016. Texting while driving: a study of 1211 US
adults with the distracted driving survey. Prev. Med. Rep. 4, 486-489.

Gray, J.C., Amlung, M.T., Acker, J.D., Sweet, L.H., MacKillop, J., 2014. Item-based
analysis of delayed reward discounting decision making. Behav. Processes 103,
256-260. https://doi.org/10.1016/j.beproc.2014.01.006.

Harrison, M.A., 2011. College students’ prevalence and perceptions of text messaging
while driving. Accid. Anal. Prev. 43, 1516-1520. https://doi.org/10.1016/]j.
aap.2011.03.003.

Hauber, A.B., Gonzalez, J.M., Groothuis-Oudshoorn, C.G., Prior, T., Marshall, D.A.,
Cunningham, C., et al., 2016. Statistical methods for the analysis of discrete choice
experiments: a report of the ISPOR conjoint analysis good research practices task
force. Value Health 19, 300-315.

Hayashi, Y., Russo, C.T., Wirth, O., 2015. Texting while driving as impulsive choice: a
behavioral economic analysis. Accid. Anal. Prev. 83, 182-189. https://doi.org/
10.1016/j.aap.2015.07.025.

Hayashi, Y., Miller, K., Foreman, A.M., Wirth, O., 2016. A behavioral economic analysis
of texting while driving: delay discounting processes. Accid. Anal. Prev. 97,
132-140. https://doi.org/10.1016/j.aap.2016.08.028.

Hayashi, Y., Fessler, H.J., Friedel, J.E., Foreman, A.M., Wirth, O., 2018. The roles of
delay and probability discounting in texting while driving: toward the development
of a translational scientific program. J. Exp. Anal. Behav. 110, 229-242. https://doi.
0rg/10.1002/jeab.460.

Hayashi, Y., Foreman, A.M., Friedel, J.E., Wirth, O., 2019. Threat appeals reduce
impulsive decision making associated with texting while driving: a behavioral
economic approach. PLoS One 14.

Hensher, D.A., Rose, J.M., Greene, W.H., 2005. Applied Choice Analysis: a Primer.
Cambridge University Press.

Hosking, S.G., Young, K.L., Regan, M.A., 2009. The effects of text messaging on young
drivers. Hum. Factors 51, 582-592.

Hoyos, D., 2010. The state of the art of environmental valuation with discrete choice
experiments. Ecol. Econ. 69, 1595-1603.

Johnson, F.R., Lancsar, E., Marshall, D., Kilambi, V., Muhlbacher, A., Regier, D.A,, et al,,
2013. Constructing experimental designs for discrete-choice experiments: report of
the ISPOR conjoint analysis experimental design good research practices task force.
Value Health 16, 3-13. https://doi.org/10.1016/j.jval.2012.08.2223.

Kessels, R., Jones, B., Goos, P., 2011. Bayesian optimal designs for discrete choice
experiments with partial profiles. J. Choice Model. 4, 52-74.




A.M. Foreman et al.

Kevin Olp: Allstate Insurance, 2018. No text is important enough to risk a life. Drive safe
and ask me how you can get rewarded using Drivewise from Allstate.

Kruger, D.J., Falbo, M., Gazoul, C., Cole, E., Nader, N., Blanchard, S., et al., 2018.
Counting blue (tooth) cars: assessing cellphone use among vehicle drivers in the
Midwestern USA. Hum. Ethol. Bull. 33, 48-57.

LaVoie, N., Lee, Y.C., Parker, J., 2016. Preliminary research developing a theory of cell
phone distraction and social relationships. Accid. Anal. Prev. 86, 155-160. https://
doi.org/10.1016/j.aap.2015.10.023.

Louviere, J.J., 2001. Choice experiments: an overview of concepts and issues. The Choice
Modelling Approach to Environmental Valuation 13-36.

Louviere, J., Hensher, D., Swait, J., 2000. Conjoint preference elicitation methods in the
broader context of random utility theory preference elicitation methods. Conjoint
Measurement. Springer, Berlin, Heidelberg, pp. 279-318.

Louviere, J.J., Flynn, T.N., Carson, R.T., 2010. Discrete choice experiments are not
conjeint analysis. J. Choice Model. 3, 57-72.

McDonald, C.C., Sommers, M.S., 2015. Teen drivers’ perceptions of inattention and cell
phone use while driving. Traffic Inj. Prev. 16 (Suppl. 2), $52-58. https://doi.org/
10.1080/15389588.2015.1062886.

McFadden, D., 1974. Conditional logit analysis of qualitative choice behavior. In:
Zarembka, P. (Ed.), Frontiers in Econometrics. Academic Press, New York.

National Center for Statistics and Analysis, 2019. Distracted Driving in Fatal Crashes,
2017 (Report No. Report No. DOT HS 812 700). National Highway Traffic Safety
Administration, Washington, D.C.

National Highway Traffic Safety Administration, 2017. Policy Statement and Compiled
FAQs on Distracted Driving. Retrieved from. https://one.nhtsa.gov/Driving-Safet
y/Distracted/Policy-Statement-and-Compiled-FAQs-on-Distracted-Driving.

Naumann, R.B., Dellinger, A.M., 2013. Mobile device use while driving—United States
and seven European countries, 2011. MMWR Morb. Mortal. Wkly. Rep. 62, 177.

Nelson, E., Atchley, P., Little, T.D., 2009. The effects of perception of risk and importance
of answering and initiating a cellular phone call while driving. Accid. Anal. Prev. 41,
438-444, https://doi.org/10.1016/j.aap.2009.01.006.

Oviedo-Trespalacios, O., Haque, M.M., King, M., Washington, S., 2017. Self-regulation of
driving speed among distracted drivers: an application of driver behavioral
adaptation theory. Traffic Inj. Prev. 18, 599-605. https://doi.org/10.1080/
15389588.2017.1278628.

Accident Analysis and Prevention 149 (2021) 105823

Patton, J.H., Stanford, M.S., Barratt, E.S., 1995. Factor structure of the Barratt
impulsiveness scale. J. Clin. Psychol. 51, 768-774.

Pearmain, D., Kroes, E.P., 1990. Stated Preference Techniques: a Guide to Practice.

Peng, Y., Boyle, L.N., 2012. Commercial driver factors in run-off-road crashes. Transp.
Res. Rec, 2281, 128-132.

Rumschlag, G., Palumbo, T., Martin, A., Head, D., George, R., Commissaris, R.L., 2015.
The effects of texting on driving performance in a driving simulator: the influence of
driver age. Accid. Anal. Prev. 74, 145-149. https://doi.org/10.1016/j.
aap.2014.10.009.

Schroeder, B.L., Sims, V.K., 2014. Texting behind the wheel and beyond: a look at
problematic habits. Paper Presented at the Proceedings of the Human Factors and
Ergonomics Society Annual Meeting.

Strayer, D.L., Drews, F.A., Crouch, D.J., 2006. A comparison of the cell phone driver and
the drunk driver. Hum. Factors 48, 381-391. https://doi.org/10.1518/
001872006777724471.

Street, D.J., Burgess, L., Viney, R., Louviere, J., 2008. Designing discrete choice
experiments for health eare. In: Ryan, M., Gerard, K., Amaya-Amaya, M. (Eds.),
Using Discrete Choice Experiments to Value Health and Health Care. Springer,
Dordrecht, pp. 47-72.

Swedler, D.I., Pollack, K.M., Gielen, A.C., 2015. Understanding commercial truck drivers’
decision-making process concerning distracted driving. Accid. Anal. Prev. 78, 20-28.

Terry, C.P., Terry, D.L., 2016. Distracted driving among college students: perceived risk
versus reality. Curr. Psychol. 35, 115-120. https://doi.org/10.1007/512144-015-
9373-3.

Thurstone, L.L., 1927. A law of comparative judgment. Psychol. Rev. 34, 273-286.
https://doi.org/10.1037/h0070288.

Train, K.E., 2009. Discrete choice methods with simulation. Cambridge university press.

U.S. Department of Labor, 2019. National Census of Fataly Occupational Injuries in
2018.

Wills, A.R., Watson, B., Biggs, H.C., 2006. Comparing safety climate factors as predictors
of work-related driving behavior. J. Safety Res. 37, 375-383,

Zhu, X., Srinivasan, S.J.A.A., Prevention, 2011. A comprehensive analysis of factors
influencing the injury severity of large-truck crashes. Accid. Anal. Prev. 43, 49-57.



