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Abstract: The literature review highlighted the impacts of drivers’ behavior on passengers’ attitudes
in the choice of seatbelt usage. However, limited studies have been done to determine those impacts.
Studying the passengers’ seatbelt use is especially needed to find out why passengers choose not
to buckle up, and consequently it helps decision makers to target appropriate groups. So, this
study was conducted to find drivers’ characteristics that might impact the passenger’s seatbelt
use, in addition to other passengers’ characteristics themselves. While performing any analysis,
it is important to use a right statistical model to achieve a less biased point estimate of the model
parameters. The latent class multinomial logit model (LC-MNL) can be seen as an alternative to
the mixed logit model, replacing the continuous with a discrete distribution, by capturing possible
heterogeneity through membership in various clusters. In this study, instead of a response to the
survey or crash observations, we employed a real-life observational data for the analysis. Results
derived from the analysis reveal a clear indication of heterogeneity across individuals for almost
all parameters. Various socio-demographic variables for class allocation and models with different
latent numbers were considered and checked in terms of goodness of fit. The results indicated that
a class membership with three factors based on vehicle type would result in a best fit. The results
also highlighted the significant impacts of driver seatbelt status, time of a day, distance of traveling,
vehicle type, and driver gender, instead of passenger gender, as some of the factors impacting the
passengers’ choice of seatbelt usage. In addition, it was found that the belting status of passengers is
positively associated with the belting condition of drivers, highlighting the psychological behavioral
impact of drivers on passengers. Extensive discussion has been made regarding the implications of
the findings.

Keywords: preference heterogeneity; passenger seatbelt; passenger behavior; traffic safety; choice of
wearing seatbelt

1. Introduction

More than 37,000 people died in highway crashes in the U.S. in 2017 alone, out of
which 47% vehicle occupants were not wearing seatbelt [1]. It has been noted that seatbelt
usage could reduce both fatal and non-fatal injuries by 60% among front seat occupants,
and 44% for rear seat occupants [2]. Despite efforts in regard to the importance of seatbelt
usage, a significant portion of vehicles users still do not buckle up. The number is much
higher for passengers of vehicles compared to the drivers. For instance, based on our data
while in Wyoming more than 80% of the drivers buckle up, less than 50% of the passenger’s
used seatbelt. Identifying factors impacting the choice of wearing seatbelt is a first step in
efforts to increase the rate of buckled occupants.

While performing statistical analysis for passengers’ seatbelt use, a few research
questions are worthy of investigation. How does the passenger view the safety of driver,
and the vehicle they are traveling in? Do they care about riding with a safe driver?
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This study is set up to answer those specific questions, in addition to other unanswered
questions.

The next few paragraphs highlight several studies conducted on the choice of wearing
a seatbelt. In a recent study, self-reported seatbelt usage for adults in front and rear
passenger seats was evaluated [3]. The results showed that seatbelt usage for the front
passenger is higher (86%) than the rear passengers (62%). In another study, a telephone
survey was conducted in 2016 targeting passengers who had recently ridden in the rear
seat and did not always use a seatbelt [4]. The results indicated that seatbelt use is lower
among passengers who travel in the rear seat, and the reasons for not buckling up included
forgetfulness, inconvenience, and discomfort.

Driver and passenger seatbelt use among US high school students were evaluated [5].
Based on the descriptive statistics it was found that 59% of students use the seatbelt while
driving, only 42% of passengers are always buckled up. In a similar study, seatbelt use
across high school students in the US by means of summary statistics was evaluated [6].
The results highlighted that the younger drivers have lower seatbelt use, and passengers
have lower seatbelt use while riding with teenage drivers compared with adults.

The relationship between driver and passenger seatbelt use was investigated by
bivariate Probit model. The data were collected by means of survey. A positive correlation
was found between the rate of drivers and passengers seatbelt use [7]. In another study,
the determinant of seatbelt use by means of FARS data was investigated [8]. The results
highlighted that the passengers are less likely to be buckled compared with drivers.

Associated factors among passengers were investigated in another study [9]. The
association was investigated by means of a motor vehicle crash (MVC) dataset. The results
of descriptive analysis highlighted that there is a positive correlation between the seatbelt
use of drivers and passengers.

The seat belt use in Wisconsin was used to investigate the relationship between seatbelt
use of drivers and passengers [10]. The descriptive analysis of the data highlighted that
there is a significant difference between seatbelt use of drivers and passengers. Moreover,
it was highlighted that there is a positive correlation between seatbelt use of drivers and
passengers.

Despite efforts, not many studies conducted using non-survey data for investigating
the factors to the passenger’s seatbelt use. Additionally, the literature review lacks a reliable
statistical method for finding unbiased factors concerning the choice of passengers to use a
seatbelt. Using appropriate statistical methods could help to explain the underlying causes
of the choice being made by drivers and passengers not to buckle up.

In statistical analyses, while some researchers assume homogenous preference across
individuals, others account for heterogeneity by using a continuous distribution for random
parameters, allowing the models’ parameters to vary randomly across the individuals [11],
or using a discrete distribution by stratifying the individuals into predefined numbers of
classes. Accounting for possible heterogeneity would expand the understanding regarding
the real impacts of various factors on the response. To account for heterogeneity across
observations in the dataset, the latent class multinomial logit model (LC-MNL) was used.

Study Contributions

The contributions of this study are summarized as follows:

1. The majority of past studies used a response to the survey or crash observations
as their datasets. However, it is important to gain a better understanding by using
a real-life information. So, in this study, we employed a dataset derived from real
observations.

2. The majority of past studies failed to account for the heterogeneity in the dataset and
the analysis was undertaken by means of solely traditional descriptive or statistical
analyses. However, it is important to account for the observations’ heterogeneity due
to variation across drivers and passengers. Failure to account for the heterogeneity
is likely to result in biased or misguided results. So, this study was conducted to
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provide a more reliable understanding regarding factors affecting the seatbelt use of
passengers while considering the belting status of drivers.

3. While investigating factors affecting the choice of passenger seatbelt use, it is impor-
tant to take into consideration all drivers and passengers characteristics, so here we
took into consideration all those factors in the analysis. That is especially important
as it is expected that behaviors of drivers to impact the passengers and vice versa.

This is one of the earliest studies using real-life dataset, while accounting for the
dataset heterogeneity. Moreover, one of the earliest studies used a real-life dataset to capture
factors to the seatbelt use of passengers while considering the belting status of drivers.
The rest of this paper is structured as follows. Section 2 discusses the methodological
formulation of the study in detail, while Section 3 provides an overview of the variable
characteristics used in this study and Sections 4 and 5 outline and discuss the results.

2. Method

This method section is presented in two subsections. First, a general description about
the latent class LC-MNL would be given. This is followed by an explanation regarding
the way that the class allocation would be made based on various socio-econometric
characteristics.

2.1. Latent Class Model

The idea behind the latent class model is that the data could be divided into S homoge-
nous distinct classes and each class has its own parameters. The latent class, compared with
mixed model, is less restrictive as it identifies classes without distributional assumptions.
The latent class seeks unobserved grouping in the data. The parameters for first class
should be normalized to zero for allowing of the segment’s identification. The multinomial
logit model (MNL) is a general form of LC-MNL, and its probability could be written
as [12]:

Pni =
eVni

∑J
j=1 eVnj

(1)

where Pni is the probability of a passenger n making choice of bucking up or not as i.
Equation (1) could be extended to the mixed or LC model. An alternative to the mixed

model, with continuous distribution is to allow a finite mixture of values for elements in β,
with its associated probability [13]. Allowing β with k different elements, the log-likelihood
would be written as:

LL =
N

∑
N=1

ln
S

∑
s=1

πs ∏ (Pni|s)
yni (2)

where πs is the probability of an individual belonging to a class s, where ∑S
s=1 πs = 1 and

0 ≤ πs ≤ 1, and Pni was defined earlier, and would be estimated based on Equation (1).
N is number of observations, and πs are the class probabilities, which could be written
as [14]:

πs =
exp(hᵀγs)

∑S
s=1 hᵀγs

(3)

where h are a set of various explanatory variables being used for class allocations and
parameters for the first class, γ1, would be set as zero. Heterogeneity in taste could be
accommodated by assuming separate classes with different values for various coefficients.
Thus, by considering S classes across the population, we would have S numbers of various
coefficients β1, . . . , βS, where the number of S classes would be specified based on a better
fit. Unlike the mixed model where function is a parametric and continuous distribution
like normal, (LC-MNL) assumes that the choice preferences are distributed based on some
discrete distribution [15]. Thus, in LC-MNL, the unobserved heterogeneity is accompanied
by a discrete number of S classes or segments of drivers with various preferences within
each class.
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Based on S, passengers of the same class, shares homogenous preference within a class.
An optimal number of S in the latent class could be achieved by lowest Akaike information
criterion (AIC), and Bayesian information criterion (BIC) value. The theory of the LC states
that individual behaviors vary based on observable attributes and latent heterogeneity,
which depends on factors that are unobserved by the analyst [14].

2.2. LC Segment Allocation

For latent class assignment, a constant value of various socio-econometric could
be used as a means of class membership allocation. A constant assignment could be
used instead of socio-econometric characteristics for class assignment [16], when the
latent assignment is not dependent on any socio-demographic variable. However, the
shortcoming here is that the individuals that are identical based on the included predictor
would be considered as having identical sensitivities.

By including various socio-demographic for class allocation in a latent class model, a
further insight could be obtained regarding the likely class allocation of a given individual
on the sample distribution [13]. The whole range of available socio-demographic variables
were considered in this study, and the models were compared in terms of goodness of fit.

After trying all possible options, the socio-demographic variable of vehicle type was
found to improve the model performance compared with other values. After considering
various components and heterogeneity for latent allocations, a best fit model was identified
based on the Akaike information criterion (AIC), and Bayesian information criterion (BIC).
These are valid fit measures as they penalize for the number of included predictors. This is
fundamental as the number of parameters is an important issue for models with various
numbers of latent.

3. Case Study and Data

The dataset collection was performed in 2019 across 17 counties, at 289 locations in
Wyoming. The sample of counties and sites were developed based on the federal guideline
being setup in 2012 by the WYDOT and served as the baseline for yearly survey. The data
includes information for all vehicles occupants, including drivers and outboard passengers.
Observers collected the data between June 3rd and June 9th of 2019 [17]. They collected
about 25,000 observations of drivers and passengers in about 18,000 vehicles. The observers
who collected the data were trained in a classroom before any data collection. This was
done to conform to the criteria highlighted by the state observational seatbelt survey issued
in 2011 by the National Highway Traffic Safety Administration. The survey followed the
uniform criteria for the state observational survey of seatbelt use, 23 CFR [18].

The monitors were employed to even attend training sessions with observers, and to
receive additional training separate from the observers. The quality control monitoring
session consist of an extensive review of the directions applied to the monitors. Once
the observers were in the field, to ensure the reliability of the observations for different
observers, the quality-control monitors conducted random spot checks. The random site
selections were determined during that session for reliability spot checks where monitoring
would take place.

Following the classroom training, the observers took part in pilot test to assure the
required skills and measure the accuracy of the observers. The selection of random site
was determined to fulfill the reliability spot checks where monitoring occurs. The sites
were adjusted to ensure the observations quality. The preselected sites were approved
by the FHWA to comply with the uniform criteria for the state observational survey of
seatbelt use.

As the objective of this study was to evaluate front-seat passenger seatbelt usage, only
observations where the vehicle had a single passenger were considered. After removing a
single driver with no passenger, and drivers with more than one passenger due to various
passenger seatbelt status, the total number of dataset observations were reduced to 6533.
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In the dataset, there was an indicator regarding the passengers’ seatbelt, in addition to the
drivers’ seatbelt status.

Moreover, various driver and passenger characteristics were considered in this study.
The consideration of both drivers and passengers’ characteristics could help to unlock
important information regarding the interactions of drivers and passengers regarding
passengers’ seatbelt use. A summary of the attributes, and levels of various contributory
factors, along with related descriptive summaries of the important predictors are presented
in Table 1. As can be seen from Table 1, most of the vehicle passengers were unbuckled
while the reverse applies to the drivers’ seatbelt status. Driver gender was included
in Table 1 as it was found that this predictor is important in predicting the passengers’
seatbelt status. The majority of vehicles that had a passenger on board were vehicles with
non-Wyoming plates.

Table 1. Descriptive summary of important predictors.

Variables Mean Variance Min Max

Passenger seat, not belted versus belted * 0.68 0.218 0 1

Type of vehicle

Pickup truck, pickup versus other * 0.33 0.221 0 1

SUV, SUV versus others * 0.07 0.068 0 1

Vehicle license, non-Wyoming residence versus others * 0.60 0.600 0 1

Environmental characteristics

Sunny, sunny versus other * 0.68 0.217 0 1

Day of a week, weekdays versus weekend * 0.80 0.161 0 1

Driver characteristics

Driver belt condition, belted versus not belted * 0.14 0.121 0 1

Driver gender, female versus male * 0.26 0.192 0 1

Environmental condition

Time of data collection: 7:30–9:30 AM versus other * 0.16 0.133 0 1

Number of lanes, 2 lanes, a single lane * 0.41 0.243 0 1

Converse County versus others * 0.015 0.014 0 1

* Reference category as 0.

Dummy variables of various counties were considered and only Converse County
was found to be important, being included in Table 1.

4. Results

The latent class models were estimated using two different specifications, namely
by considering various numbers of latent components and socio-demographic covariates
for class allocation. As discussed, based on various goodness of fits criteria, the best
specification was three components with a vehicle type variable for class allocation. Table 2
summarizes the results of the finalist models, considering the three-component model with
a covariate of vehicle type, as well as a constant for class allocation.
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Table 2. The results of the latent class model buckled passenger as reference.

Estimate Std. Error p-Value Estimate Std. Error p-Value

Model with 3 latent classes, Changing Class
Allocation Based on Vehicle Type Standard Model with 3 classes

Class I

intercept 16.76 140.516 0.91 18.58 311.690 0.95

pickup truck −2.79 0.783 <0.005 −0.61 0.467 0.19

Day of a week −1.71 0.436 <0.005 −1.456 0.365 <0.005

driver Belting status −2.39 0.819 <0.005 −2.18 0.576 <0.005

driver Gender −19.79 140.518 0.89 −18.934 311.693 0.95

vehicle license 5.05 1.517 <0.005 2.25 0.599 <0.005

vehicle type: SUV −2.40 1.199 0.05 −1.29 0.588 0.03

Time: 7:30–9:30 1.12 0.572 0.05 1.99 0.589 <0.005

Number of lanes −0.23 0.347 0.52 −0.389 0.262 0.14

weather condition: sunny 0.22 0.337 0.51 0.36 0.310 0.24

County, Converse −5.23 2.142 0.01 0.39 0.898 0.66

Class II

Intercept 44.11 95.318 0.64 30.989 36.548 0.40

pickup truck −15.44 36.643 0.67 −21.54 25.729 0.40

Day of a week −1.59 0.743 0.03 −0.30 0.531 0.57

driver Belting status −2.31 3.851 0.55 6.49 10.383 0.53

driver Gender −0.03 3.014 0.99 −0.90 0.722 0.21

vehicle license −28.40 58.335 0.63 −15.54 18.228 0.39

vehicle type: SUV −18.89 53.350 0.72 −0.87 0.964 0.37

Time: 7:30–9:30 −1.88 1.9510 0.34 −0.312 1.378 0.82

Number of lanes 0.04 0.699 0.96 0.64 0.463 0.17

Weather condition, sunny 13.56 26.128 0.60 1.01 0.495 0.04

County, Converse 11.19 24.200 0.64 10.978 15.378 0.48

Class III

Intercept 5.14 2.0544 0.01 −8.63 90.604 0.92

pickup truck −3.54 0.876 <0.005 −3.68 0.915 <0.005

Day of a week −0.90 0.490 0.07 −0.68 0.560 0.22

driver Belting status −0.36 0.487 0.46 −0.53 0.6464 0.41

driver Gender 1.31 0.756 0.08 13.156 90.589 0.88

vehicle license −0.54 0.601 0.37 0.43 0.669 0.52

vehicle type: SUV −1.05 1.344 0.44 −1.523 0.918 0.10

Time: 7:30–9:30 −1.79 0.470 <0.005 −3.40 0.878 <0.005

Number of lanes 0.44 0.313 0.16 0.98 0.450 0.05

Weather condition, sunny −1.02 0.450 0.02 −0.90 0.65 0.17
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Table 2. Cont.

Estimate Std. Error p-Value Estimate Std. Error p-Value

County, Converse −0.92 0.667 0.17 −4.75 1.266 <0.005

(class)2, γ2 −1.14 0.124 <0.005 −0.85 0.187 <0.005

(class)3, γ3 0.16 0.1223 0.18 0.08 0.085 0.34

SUV.class2 0.47 0.263 0.07 – – –

SUV.class3 0.28 0.198 0.16 – – –

Log Likelihood: −3547 Log Likelihood: −3549
AIC: 7167 AIC: 7203
BIC: 7417 BIC: 7359

While AIC of three-segment model considering a socio-demographic variable of
vehicle type, for class allocation, has a lower AIC, compared with a three-segment model
with a constant value, the latter model has a lower BIC. However, as the class allocation of
vehicle for class 2, considering class allocations with a covariate, is significant, and more
significant variables could be observed for this model, this model is chosen over the other
model. Additional discussions about the selection of the best fit model will be presented in
the next subsection.

It should be noted that buckled passenger was considered as reference. From Table 2
only the second-class membership (γ2) is dependent on a constant and vehicle type variable.
As discussed earlier, the results of class 1 membership would not be presented in the
Table 2 as the values for this class were set as zero. As can be seen from Table 2, the signs of
variable are varied across various segments, suggesting that the effects are characterized by
heterogeneity. For instance, while the coefficient of time of data-collection, 7:30–9:30 a.m.,
has a positive sign of 1.12 for the first component, this value has a negative coefficient for
the third component, −1.79. It should also be noted that the impact is not important for the
second component. The heterogeneities could also be observed across various segments in
terms of significance. For example, the impact of driver seatbelt use is only significant for
the first component.

Although day of week is an important predictor across the three segments, it was
found that the impact of this variable on passenger seatbelt usage is more influential for
the first segment compared with the second and the third ones. The result indicates that
getting a ride as a passenger during weekdays decreases the likelihood of being unbuckled.
The impact might be resulted from the fact that passengers are less strict while going out
for pleasure compared with other times, or weekdays.

Driver seatbelt status was another important predictor that was found to impact the
seatbelt status of passengers for only one class. Although heterogeneity exists for this
predictor, it is worth discussing the impact. The results indicated that having an unbuckled
driver motivates the passenger to be unbuckled. The results are in line with the results
obtained by [19] showing that there is a positive correlation between driver status of
seatbelt use and passenger. However, it should be noted that the data used in that study
included statewide injury surveillance system involved in crashes. Also, only a Chi-square
test was implemented in that study. However, the heterogeneity of this variable should
be taken into consideration. The results also found that among all the counties in the
state, County of Converse’s respondents were found to have a higher likelihood of being
buckled.

Although the impact of passenger gender on the seatbelt status of passenger itself
was not important, the results indicated that driver gender has an important impact on the
seatbelt status of the passenger. Again, due to heterogeneity across the observation, the
impact is only significant for the third class. The results show that the probability of being
unbuckled increases for the passenger in the third segment as the gender of the driver
changes from male to female.
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Here, we also incorporated various vehicle types and their license types as those
factors are likely to provide unobserved information regarding various characteristics of
drivers and possibly passengers. Due to associated heterogeneity across the observations,
the impact of drivers’ vehicles residency was found to be important only for the first
component.

The results indicated that the odds of being unbuckled increases for passengers as the
vehicle plate changes from Wyoming to non-Wyoming. This result might again be due
the fact that while travelling for a longer distance, passengers might feel less obliged to
be buckled. It should be noted that the impact has the highest magnitude across all the
incorporated parameters.

Of all types of vehicles, the SUV was found to impact the likelihood of seatbelt usage
for only the first segment. Moreover, that variable was found to impact the class allocation
of the model, which resulted in a model fit enhancement. The last parameters are the
time of a day, 7:30–9:30 a.m., which decreased the likelihood of being unbuckled, weather
condition of sunny, which increase the likelihood of being unbuckled, and Converse County.
Again, it should be noted that the inclusion of time of day or weather condition could
provide information regarding unobserved characteristics of vehicle occupants that were
not recorded at the time of data collection. For example, time of day 7:30–9:30 could provide
information regarding carriers or the purpose of travel for vehicle occupants, e.g., being
students.

4.1. Comparison across Various LCM

It is worth discussing how we came up with models with different number of latent
classes and variables for class allocation. The socio-econometric covariate, along with a
constant value were considered as determinants of the membership probability. AIC and
BIC were used for finding the best fit model. Models with two and three latent classes
were considered. Moreover, only covariates of driver seatbelt usage, day of a week, and
vehicle type of SUV were considered as other covariates were found not to impact the class
membership probability significantly.

Table 3 presents the summary of various goodness of fit measures being used for a
comparison. While log likelihood does not penalize for the number of included predictors,
AIC and BIC are reliable measures as they penalize for the number of parameters. In
finding an optimal number of segments, both two and three were assessed. The results
support the existence of heterogeneity in the data and suggest an improvement in the
model fit compared with a standard multinomial logit model.

Table 3. Selection criteria for latent class models.

ID Models Log Likelihood AIC a BIC b Pseudo R2 c

1 Model with 2 latent −3579 7203 7359 0.11

2 Model with 3 latent −3549 7168 7405 0.13

3 Model with 3 latent, considering
driver seatbelt −3549 7173 7424 0.11

4 Model with 3 latent, considering
day of a week −3548 7170 7420 0.12

5 Model with 3 latent, type of
vehicle SUV −3547 7167 7417 0.13

6 Standard multinomial logit model −3674 7371 7446 0.095
a Akaike information criterion = −2(LL − K); b Bayesian information criterion = −LL + [(k/2)Ln(N)]; c Pseudo R2 = 1 − (LL/LL(0)].
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Based on the information in Table 3, the best AIC value is given by the three-segment
model with type of vehicle for class allocation, while the best BIC was given by the
model with 2 components. As both models contain a membership class with significant
coefficients, these models would be used for comparison purposes. Comparison across
models ID 1 and 5 in Table 3 show that model 5 would be chosen as a best fit model due to
a higher overall significance of the coefficients for both membership and utility models.
Model 5 is superior to model 1 in terms of Pseudo R2 as well. It is worth mentioning that
the simple MNL has the lowest goodness of fit in terms of BIC and Pseudo R2.

4.2. Distribution of Observations across Various Segments

Additional investigation was conducted to check if the components were characterized
by any special response categories. The decision makers select an alternative that produces
the greatest utility U, and an individual n chooses an alternative i Uin > Ujn.

The results indicated that although latent 3, for instance, displays a propensity of not
buckling up, there is no meaningful evidence that those individuals belong to a specific
response category. The share of the second latent is calculated based on the below equation:

Share o f segments2 =
exp(classs2)

1 + exp(classs2) + exp(classs3)
(4)

Again, the value of 1 in Equation (4) resulted from exp (0) for the first component. A
statistical summary of the number of observations for each class is presented in Table 4.
The highest number of passengers’ observations belong to class 3.

Table 4. Individual shares for each segment.

Latent Number (%)

1 2596 (40%)

2 844(13%)

3 3050 (47%)

5. Concluding Remarks

Seatbelts are one of the most effective ways of saving lives and reducing traffic injuries.
However, the presence of non-seatbelt use is still high among vehicles occupants, especially
passengers. This study thus sought to unlock the factors influencing passengers’ attitudes
toward seatbelt usage and to gain insight into the impacts of drivers’ seatbelt status on that
of the passengers.

Data were collected from various locations in different counties in Wyoming. The
seatbelt status of drivers and passengers, along with their demographic information were
observed and recorded. The data was filtered to include only those vehicles that had a
single front-seat passenger. The response categories of the passenger seatbelt usage were
binary: belted versus non-belted passengers.

The results of the study provide a richer interpretation and estimations of the models’
parameters. The results of the segment models’ parameters suggest that the heterogeneity
was related to almost all predictors. Various numbers of latent components, along with var-
ious socio-demographic characteristics for class allocations were considered and compared.
To come up with the optimal number of segments and class allocation, AIC and BIC were
used. The results indicated that the three-component model, with class allocation based on
vehicle type resulted in a better fit compared with two components and a constant value
for a class allocation.

The heterogeneities were observed by differences across the point estimated and signif-
icant levels across the components. Accounting for heterogeneity is especially important as
seatbelt usage has been linked to a habitual behavior rather than a conscious choice [20]. As
a result, passengers follow the rules developed based on experience, rather than comparing
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the benefits and costs of buckling up. Thus, they might be influenced by seatbelt usage of
drivers and their gender based on some unobserved characteristics. Thus, it is expected to
see heterogeneity in seatbelt usage due to the randomness of passengers’ habitual behavior.
In addition, we incorporate the vehicle type and license registrations as they are expected
to provide information about drivers’ and passengers’ attributes.

Although the results are, for most parts, in line with past studies, most of those studies
ignore the possible unobserved heterogeneities across the observations for seatbelt studies.
Not accounting for unobserved heterogeneity could result in possible bias and erroneous
results: a purely deterministic model could result in biased estimates and a lack of insight
into the true nature of the parameters’ effects. This was observed by differences across
signs, magnitudes, and significance of the considered components. For instance, we found
that the parameters have various significance (e.g., for belted condition of drivers) or
opposite signs (e.g., for time of a day) across various components.

In summary, it was found that when drivers are coming from out of the state, traveling
a longer distance, the passengers are less likely to be buckled. Moreover, getting a ride as a
passenger during weekdays decreases the likelihood of being buckled. Another important
finding was the positive correlation between the belting status of drivers and passengers.
That highlights the important implication of drivers’ behaviors and actions on passengers’
attitudes.

Despite the consideration of all plausible drivers and passengers’ characteristics, many
expected important factors were not considered in this study. Those include, for instance,
age, career, and annual income, among other characteristics of drivers and passengers.
However, we accounted for those unseen factors through other confounding factors, such
as vehicle types or time of traveling. However, future studies are recommended to consider
those factors during data collection to provide a better understanding regarding factors
affecting seatbelt use.

Study Implication and Recommendations

The findings of this study provide important information for public health organiza-
tions to increase seatbelt usage, especially for vehicle passengers. The results indicated that
while investigating seatbelt usage, other factors such as driver characteristics should be
taken into account.

The psychological elements of a passenger’s choice to buckle up include driver char-
acteristics (e.g., passengers are more likely to buckle up when the driver is buckled) and
driver gender (e.g., while the gender of the passenger did not have a significant impact
on their choice to buckle up, the gender of the driver was found to be important in the
passenger’s decision). The discussed results need more investigation to identify the under-
lying causes of the effects. This might be attributed to the level of passengers’ trust or lack
thereof while riding in a vehicle. For instance, the trust could result from the belting status
or gender of the driver, which might contribute to the passenger’s choice to buckle up.

More studies are required, especially to study the psychological impacts of the drivers
on passengers. We found that time of travel or types of vehicle ownership are other factors
contributing to the seatbelt status of passengers. Those factors are likely to be linked to
various socio-demographic or socio-economic attributes of passengers. More educational
efforts and studies are needed to unlock the real relationship between underlying factors
and the likelihood of passengers’ seatbelt use.
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