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Abstract: The significance of large trucks for the expansion and well-being of the economy is a
well-established fact. However, crashes involving large trucks significantly threaten the overall
safety on the roads. Moreover, a significant proportion of fatal crashes involving large trucks occurs
on interstate roadways in the United States. However, not many studies have focused on the
heterogeneous effects of the contributory factors on injury outcomes of interstate crashes involving
large trucks. The current study explores the application of a k-prototypes clustering-based mixed logit
model to identify and analyze the heterogeneous effects of contributory factors on injury outcomes
in different scenarios of interstate crashes involving large trucks. Data from six years of crashes
involving large trucks that occurred on interstate roadways in the state of Pennsylvania, US, were
used in this study. The list of contributory factors included the following: drivers’ demographics
and behaviors; crash characteristics; vehicle-related factors; location and roadway attributes; and
environmental factors. The results indicated that some of the contributory factors were significant for
all scenarios of interstate crashes involving large trucks. However, the magnitude of those factors’
effects varied across scenarios. Moreover, some of the contributory factors were exclusive to certain
scenarios of interstate crashes involving large trucks. Lastly, the identification of random parameters
in the cluster-based models indicated that a cluster-based mixed logit model is a more effective
approach for accurately estimating the effects of contributory factors on injury outcomes in large-
truck interstate crashes. The empirical findings of this study can be used to develop more robust
traffic laws and safety measures to reduce the frequency and severity of injury in different scenarios
of interstate crashes involving large trucks.

Keywords: large trucks; interstate; injury severity; heterogeneity; k-prototypes; clustering; mixed
logit model

1. Introduction

Large trucks play a critical role for the freight-moving industry and the economy.
Moreover, large trucks are still the most used mode of transportation for moving freight by
land in the United States (US). According to the US Bureau of Transportation Statistics, the
value of freight moved by trucks across the US for the year 2017 was USD 12,017 billion,
which was significantly higher than the value of freight moved by other modes of trans-
portation. The use of large trucks for freight movement will increase as consumer demand
increases and the economy expands. In the US, the number of registered medium/heavy
trucks increased by 16% between 2015 and 2019 [1]. However, the risk of a crash involving
large-truck increases with the growing number of large trucks.

According to a 2007 report published by the FMCSA (Federal Motor Carrier Safety Ad-
ministration), the average cost of fatal crashes involving large trucks is around $3.6 million
per fatal crash. This value could be higher if adjusted for inflation from 2007 until now.
Moreover, several studies have indicated that the long vehicle length, heavyweight, slow
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braking mechanism, and unique operating characteristics of large trucks increase the like-
lihood of severe and fatal injuries in crashes [2,3]. The economic and social impacts of
crashes involving large trucks have captured the attention of many researchers.

In recent years, a lot of studies have analyzed the contributory factors of injury severity
in crashes involving large trucks under different scenarios and conditions. A few studies
have analyzed the contributory factors to injury outcomes of different types of crashes (e.g.,
rear-end, run-off-road, and rollover) involving large trucks [4-6]. A couple of studies have
indicated that the set of significant factors for injury severity in single-vehicle large-truck
crashes differs from those in multiple-vehicle large-truck crashes [7,8]. According to Uddin
and Huynh [9], the contributory factors have heterogeneous effects on injury severity under
different weather conditions. A few studies explored the contributory factors to crashes
involving large trucks under different lighting conditions [10,11]. Anderson and Dong [12]
and Behnood and Mannering [13] analyzed the heterogeneous effects of the contributory
factors on injury outcomes in crashes involving large trucks for different days of the week,
and time of day, respectively. Some studies have researched the injury severities of crashes
involving commercial and hazmat trucks [14,15]. The literature also includes studies that
focused on crashes involving large trucks in different locations. A few previous studies
have indicated that the set of contributory factors that influence the severity of injury in
urban crashes involving large trucks is different from those that influence the severity
of injury in rural crashes involving large trucks [8,11,16]. Osman et al. [17] analyzed the
injury severity of large truck crashes in work zones. Song and Fan [18] explored the
heterogeneities in truck-involved severities at cross- and T-intersections.

In 2019, 25% of fatal crashes involving large trucks occurred on interstate roadways
in the US [19]. However, only a few studies have analyzed crashes involving large trucks
on interstate roadways. Islam and Hernandez [20] analyzed the fatality rates for crashes
involving large trucks on interstate highways. Teoh et al. [21] explored the crash risk factors
for interstate large trucks in North Carolina. Anderson and Hernandez [22] investigated
the statistically significant contributory factors of driver injury severity for crashes on
principal arterials, major collectors, interstates and other principal arterials. Though a few
studies have analyzed the contributory factors to interstate crashes involving large trucks,
not many studies have explored the application of a cluster-based approach to identify
and analyze the contributory factors to injury outcomes in crashes involving large trucks.
Understanding the varying effects of the contributory factors that influence the severity of
injury in different scenarios of crashes involving large trucks on interstate roadways can
aid in developing more robust traffic laws and safety measures.

Many previous studies have indicated that considering the heterogeneous effects
of the contributory factors on the severity of injury in crashes can reveal valuable and
hidden insights [23-26]. The mixed logit model has been a popular approach to account
for the unobserved heterogeneity in the crash data since it allows the parameters to vary
across observations [7,10,27]. Several clustering techniques, such as latent class analysis
(LCA) [23,28], k-means [29,30], k-modes [24], and hierarchical clustering [25], have been
used to account for the heterogeneous nature of the crash data. Since the final class solution
by the LCA is user-defined, it may not be reproducible [31]. On the other hand, k-means is
appropriate for data sets with only numerical variables, and k-modes for only categorical
variables. However, the crash data usually include both numerical and categorical variables.
Most of the clustering techniques create dummy variables to represent different levels of
the categorical variable. A dummy variable uses numerical values such as 0 or 1 to code
the absence or presence of a level of the categorical variable. According to Huang [32],
the numerical representation of the categorical variables, which are not ordered, does not
produce meaningful results. In this study, the k-prototypes clustering technique was used
to segment the crash data into homogeneous groups. The k-prototypes clustering is capable
of segmenting data sets with both numerical and categorical variables.

Though a cluster-based approach can account for heterogeneity within the aggregated
data, some sort of heterogeneity is likely to remain within the subgroups. The current
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study has proposed a k-prototypes clustering-based mixed logit model approach to identify
and analyze the heterogeneous effects of the contributory factors on injury severities in
interstate crashes involving large trucks. Such an effort has not been previously employed
for the analysis of interstate crashes involving large trucks. The next section of the study
describes the methodologies and data used in this study. The following section shows the
results and describes them. In the last part, the findings of the study were discussed from
the perspective of the study’s objective and past studies.

2. Methodologies and Materials
2.1. The K-Prototypes Clustering

The current study has used the k-prototypes clustering technique to segment the
collected data set into more homogeneous groups. The k-prototypes clustering technique
is an extension of the k-means clustering technique [32]. A major advantage of the k-
prototypes clustering technique is that it is capable of working with categorical variables.
The traditional k-means clustering technique accepts data sets only in numerical forms.
When the k-means clustering is applied to the data set involving categorical variables, it
creates a dummy variable (0, 1) for each level of the categorical variable. Such an approach
is less informative. In light of the limitations of the traditional k-means clustering technique,
Huang [32] proposed the k-prototypes clustering technique to segment data sets with both
numerical and categorical variables. The k-prototypes clustering uses a simple matching
coefficient to measure the distances between the observations with categorical variables.
Equation (1) represents the cost function that measures the distance between an observation
and a cluster-prototype.

E=Y Y yad(Xi, Q) )

Here, the objective of the k-prototypes clustering technique is to minimize the cost
function (E) and segment the data set X into k number of clusters. In Equation (1), Q;
is the center of prototype /, y; is the dummy variable that equals to 0 when data object
i is assigned to prototype I, and d(X;, Q;) is the distance measure for both numerical
and categorical variables in brief. The equation below describes the distance measure in
more detail.

d(Xir Ql) = ]P 1 ( ql]) +" Z;”:p_'_l 5(xlc]’ qzcj) (2)

In Equation (2), the first part is the squared Euclidian distance measure on the nu-
merical variables and the second term is the simple matching dissimilarity measure on the
categorical variables. In the second term of the equation, y; represents the weight to avoid
favoring either type of variable. The readers can follow Huang [32] to read more about
the influence of ; in the clustering process. In Equation (2), superscript “r” represents the
numerical variable, and superscript “c” represents the categorical variables. The complete
cost function for prototype 1 is computed using the equation below.

r 2 ¢
Er=3 0y )y (5 =)+ oy va Yo 0(x,q5) = Ef + Ef 3)

The second term in Equation (3) is explained in Equation (4). In Equation (4), C; is the
set of all the discrete values of the categorical variable j, and p(cj € Cjl]) is the probability
of the discrete value g; from C; being in prototype I. Detailed explanations for the equations
can be found in [32,33].

Ef = 0, m(1 - plaf € GiID) @

2.2. Mixed Logit Model (MXL Model)

Past studies have used different types of ordered or unordered logit/probit mod-
els such as generalized ordered response models [34], random parameter ordered logit
model [6], heteroskedastic ordered probit model [35], mixed logit model [7,10,27], and
multinomial logit model [16,36] to analyze the injury severities of road crashes. In order to
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capture the heterogeneous effects of the contributory factors, the current study has used
the mixed logit model. In the mixed model, the outcomes of the dependent variable are as-
sumed to be unordered. There are significant trade-offs for choosing an ordered logit/probit
model over an unordered logit/probit model. Mannering and Bhat [37] revealed that it
is impossible for a contributory factor to simultaneously increase or decrease both of the
extreme severities (no injury and fatality) in ordered probability models. According to
the mixed logit modelling approach presented in [38,39], the relationship between the
contributory factors and any of the injury severity levels (i = 2, ... I) for observation n can
be expressed using the following function.

Uiy = BiXin + €in )

Here, Uj;, is the function that determines the probability of the injury severity i for a
crash event n, and X;,, indicates the vector of a contributory factor for the n crash event. 3;
is a vector of estimable parameters, and ¢;, indicates the error term for random noise [40].
It can be shown that if ¢;,, are assumed to be extreme distributed values, then the standard
multinomial logit model takes the following formation:

~_ exp[BiXin]
Bal) = Y1 exp[BrXin] ©

The probability of crash event n leading to injury severity i is denoted by P,(i). Ad-
ditionally, I is the set of all possible injury outcomes. Now to capture the variation across
the observations, the following mixed model (a model with mixing distribution) can be
employed.

B) = [ Pali)f(Blo)ap @)

where P/ (i) indicates the outcome probabilities and f(B|¢) is the density function of B
with ¢ referring to a vector of parameters of the density function (mean and variance).
Substituting Equation (6) into Equation (7), we can obtain the mixed logit model [40].

miny — [ OXPBiXin]
P = [ e s f(Blo)dp ®

The above equation shows that the mixed logit probabilities P} (i) are the weighted
average of the standard multinomial logit probabilities P, (i) with the weights determined
by the density function f(B|¢). The distribution of B is defined by the user. Generally,
the distribution is specified to normal, but several distributions such as log-normal and
uniform are tested for statistical significance in some occasions. The density function f(B|¢)
allows parameters to vary across observations and 8 accounts for the observation-specific
variations in P, (i) based on the effect of X [40]. Equation (8) can calculate the coefficients of
the contributory factors. However, the coefficients alone are not sufficient to calculate the
effects of the contributory factors on the probabilities of the injury outcomes. The effects of
the contributory factors on injury outcomes were further explored using average pseudo-
elasticities. The following equation is used to compute the elasticities for the numerical
variables from the partial derivative for each crash event n (n subscripting omitted).

p(i) _ OP(i) Xpi

Xin — ani P(i) (9)

In Equation (9), P (i) is the probability of injury outcome 7, and Xj; is the value of kth
variable for injury outcome i. After taking the partial derivative of model, Equation (8)

becomes ol
Exil.) = [1 = P(i)] Bri Xxi (10)

1
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In Equation (10), By; is the estimated coefficient associated with the value Xj; of kth
variable. In the context of the current study, elasticities are interpreted as the percentage
change in the probability of injury outcome 7 for a unit change in the Xj;. The above
equation is not suitable for dummy or indicator variables, which take the value 0 or 1. For
dummy variables, we compute the pseudo-elasticity using the following equation.

P(i) _ EXP[A(BiXi)] Lyr EXP(BriXxi)
Xi " EXP[A(BiXi)] Ly EXP(BriXki) + Lvizr, EXP(BriXki)

~ 1 (11)

where I, is the set of all alternate injury outcomes and X, determines the injury outcome in
the function. Readers can follow Washington et al. [40] to obtain more details about the
aforementioned equations.

2.3. Data Description

The crash data was obtained from the Open Data Portal of the Pennsylvania Depart-
ment of Transportation. According to the Pennsylvania Department of Transportation,
a reportable crash is an incident that occurred on a public highway or traffic way and
involved at least one motor vehicle in transport. For the current study, the crash data
included only crashes involving large trucks that occurred on the interstate roadways of
Pennsylvania from 2014 to 2019. According to the US Department of Transportation, any
medium or heavy truck with a gross vehicle rating of over 10,000 pounds is considered
a large truck. In the database, the crash records are distributed into several data tables.
Each data table includes different categories of contributory factors to the crash. The data
tables are linkable using the crash record number (CRN). For some crash events, multiple
records were tabulated in the database since multiple vehicles and people were involved in
many cases. The severity of a crash event is defined by the most severely injured person
among all those involved in the crash event. The crash record indicated the most severely
injured person was kept, and others were removed. Redundant factors, factors with a lot
of null or unknown values, and duplicated crash records were removed from the data
set. Some of the levels of the categorical variables had very low proportions in the data
set, and they were put together into one level as “others”. The final data set included
10,547 interstate crashes involving large trucks and 22 independent contributory factors.
The list of contributory factors included driver demographics and behavior; vehicle-related
factors; crash characteristics; roadway and traffic attributes; and environmental factors.
Table 1 displays the frequency and percentage of the contributory factors.

The Pennsylvania Department of Transportation follows the KABCO scale to measure
the severity of injuries in crashes. Here, K indicates fatal injury, A indicates suspected
serious injury, B indicates suspected minor injury, C indicates possible injury, and O
indicates no apparent injury. To make the injury severity levels more discrete, the fatal
injury and suspected serious injury were put into one category as “serious injuries” (A + K);
the suspected minor injury and possible injury were put into another category as “Non-
severe Injuries” (B + C), and the no apparent injury was labeled as “No-injury”. A similar
strategy for categorizing the injury outcomes has been used in some previous studies as
well [5,10,41].
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Table 1. Statistics for the Contributory Factors.

Factors Freq. (%) Factors Freq. (%)
Driver Demogljaphlcs and Land use
Behavior
Drivers aged between 16 to 20 Rural * 6470 (61.34)
years
No 9834 (93.24) Urban 4077 (38.66)
Yes 713 (6.76) Roadway attributes
Drivers agedyte’zzvs"ee“ S0 to 64 Speed limit (kmh) ¥ =96.59, 0 = 12.45
No 5566 (52.77) Traffic control
Yes 4981 (47.23) Absent * 9984 (94.66)
Drivers aged over 65 years Present 563 (5.34)
No 9193 (87.16) Curved road
Yes 1354 (12.84) No 8779 (83.24)
Speeding related Yes 1768 (16.76)
No 9596 (90.98) Intersection
Yes 951 (9.02) No 9845 (93.34)
Driving under influence of
a%cohol or drug Yes 702 (6.66)
No 10144 (96.18) Lane count x=223,0=055
Yes 403 (3.82) Environmental Factors
Seat belt status Weather
Belted 9638 (91.38) Clear * 7326 (69.46)
Unbelted 909 (8.62) Rain 1591 (15.08)
Driver distracted or fatigue-asleep Snow 1348 (12.78)
No 9596 (90.98) Others (i.e.,fwindy, cloudy, and 282 (2.67)
og etc.)
Yes 951 (9.02) Lighting
Tailgating Daylight * 6604 (62.61)
No 9495 (90.03) Dark-not lighted 2719 (25.78)
Yes 1052 (9.97) Dark-lighted 766 (7.26)
Crash Characteristics dargfiifrgf\;ifekef}?g‘ﬁﬁh 2 458 (4.34)
Collision types Wet road
Rear-end * 3529 No 8541 (80.98)
Hitting fixed object with collision 2268 Yes 2006 (19.02)
Sideswipe 2207 Crash Hour
Angle 1415 Off-peak (10 a.m. to 4 p.m.) * 3608 (34.21)
No-collision 980 Midnight to morning (0 to 6 a.m.) 2416 (22.91)
Head-on 106 Am-peak (6 to 10 a.m.) 2192 (20.78)
Others (e, backing hitting 0 Pri-peak (4 to 8 p.m.) 1530 (14.51)
Overturned Evening (8 to 11:59 p.m.) 801 (7.59)
No 9366 (88.8) Dependent Variable
Yes 1181 (11.2) Injury Severity
Vehicle related factors No injury * 6062 (57.48)
Commercial truck involved Non-severe 4011 (38.03)
Yes 6407 (60.75) Serious 474 (4.49)
No 4140 (39.25)
Vehicle count x=2,0=0.81

Note: (1) ¥ = Mean; (2) o = Standard Deviation; (3) Freq. = Frequency (4) The reference levels are indicated by *.

3. Results
3.1. Cluster Analysis

The k-prototypes clustering algorithm was employed using the “clustMixType” pack-
age for R. To determine the optimal number of clusters, a simple and easy to interpret elbow
method was used in this study. In the elbow method, the Within-Cluster Sum of Squared
Errors (WSSE) is visualized in a line chart. When the line takes the shape of an elbow, the
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k-value associated with the elbow is used as a suggestion for the optimal number of clusters.
In most cases, the elbow occurs when segmenting the data set does not significantly reduce
the WSSE. Here, the k-prototypes clustering was employed for a range of values (e.g., 2
to k values). Figure 1 shows the WSSE for different k values. Figure 1 suggested that 3
or 4 is the optimal number of clusters. After evaluating the cluster prototypes and their
distribution in the clusters, the EDS was segmented into three homogeneous clusters.

\ \ \ \ \ \ \ \
11,000,000 - .
* =
10,000,000 |
Ll
A
e
=
9,000,000 - L
®
\ | | | \ | | | T
2 3 4 5 6 7 8 9 10

ERLAr R A nr T OO SeoriaSiTE

Figure 1. Optimal number of clusters.

Table 2 displays the number of observations and the distribution of the cluster proto-
types in each of the clusters. The skewed distribution of cluster-prototypes can be used to
characterize the clusters. Commercial truck involvement, land use, drivers aged between 50
and 64 years, lighting conditions, and speed limits were the cluster prototypes or contribut-
ing factors that distinguished the clusters from one another. The majority of the crashes in
CL2 and CL3 involved commercial trucks and occurred in rural areas. CL2 and CL3 are also
similar in terms of their speed limit. However, nearly 69% of the crashes in CL2 occurred
under dark-not-lighted conditions, which distinguishes CL2 from CL3. On the other hand,
almost 80% of the crashes in CL1 occurred in urban areas. Additionally, a good proportion
of crashes in CL1 involved drivers aged between 50 and 64 years. Therefore, CL1 can be
characterized based on drivers aged between 50 and 64 years old and urban areas. The
distribution of the cluster prototypes indicates that the clusters are more homogeneous
than the EDS.

Table 2. Cluster Description.

Variable Cluster 1 (CL1) Cluster 2 (CL2) Cluster 3 (CL3)
Number of observations 3941 2998 3608
Commercial truck involved 38.06% 78.22% 71.01%
Driver aged between 50 and 64 63% 36.56% 38.86%
years
Rural 20.43% 85.26% 86.17
Urban 79.57% 14.74% 13.83%
Dark not lighted 11.22% 68.98% 5.79%
Speed limit (88-113 kmh) 90% 90%

Speed limit (72-105 kmh) 90% - -
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3.2. Mixed Logit Model Results
3.2.1. Log-Likelihood Ratio Tests

In the current study, four mixed logit models were developed, one on the EDS and
three more on the three clusters. The mixed logit models were developed using the “mlogit”
package for R. Two log-likelihood ratio tests were conducted for the four models. The first
log-likelihood ratio test was conducted to ensure that the models with random parameters
are of more statistical significance than the models with fixed parameters. For this log-
likelihood test, the null hypothesis states that there is no difference between the model with
random parameters and the model with fixed parameters. Equation (11) was used for the
first log-likelihood ratio test.

X2 = —2[LL(,BFixed> - LL(,BRundom)] (12)

In Equation (12), LL(BFiyeq) is the log-likelihood of the model with fixed parameters at
convergence and LL(BRrandom ) is the log-likelihood of the model with random parameters at
convergence. The x? (chi-squared) statistics are used to accept or reject the null hypothesis.
Here, the x? is normally distributed with degrees of freedom equal to the number of
estimated random parameters. The random parameters were also estimated using the
normal distribution. Table 3 shows the log-likelihoods, degrees of freedom (DF), chi-square
statistics, and p-values for each of the four models with random and fixed parameters. The
DF indicates the number of random parameters in each model. At the 5% significance level,
all of the models with random parameters were found to be more statistically significant
than the models with fixed parameters.

Table 3. Log-likelihood Ratio Test.

Models LL(BRrandom) LL(BFixed) X2 DF p-Value
EDS —7876.865 —7914.41 56.67 50 0.0124
CL1 —2571.922 —2682.973 222.10 46 0.0000
CL2 —2036.724 —2094.512 115.58 46 0.0000
CL3 —2298.919 —2336.855 75.87 46 0.0036

The second log-likelihood ratio test was conducted to ensure that developing cluster-
based models is a justifiable approach to estimate the heterogeneous effects of the con-
tributory factors on injury outcomes in interstate crashes involving large trucks. The
null hypothesis states that there is no difference between the parameters of the EDS and
cluster-based models. For the second log-likelihood ratio test, Equation (13) was used.

X2 = —2[LL gy (W”) -y L (5]‘)} (13)

In Equation (12), LLy (,Bf ull ) is the log-likelihood of the EDS-based model at con-

vergence and Z]]-: 2 LLi( p/) is the aggregated log-likelihood of the cluster-based models at

convergence. The degree of freedom for the x? statistics is equal to the total number of con-
tributory factors in the cluster-based model minus the number of contributory factors in the
EDS-based model. The sum of log-likelihoods of the clusters was —6907.565. The chi-square
statistics of 1938.6 with 228 degrees of freedom indicated that the cluster-based models
are statistically significant at the 5% significance level. It means that the parameters of
cluster-based models are significantly different from the parameters of EDS-based models.

3.2.2. Heterogeneous Effects of the Contributory Factors

The study’s objective was to identify and analyze the heterogeneous effects of the
contributory factors on the injury outcomes of interstate crashes involving large trucks.
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Therefore, we will keep our focus on the varying effects of the contributory factors on
injury outcomes between the EDS and cluster-based models; the contributory factors with
random parameters in all of the models; and the contributory factors that are exclusive
to each of the cluster-based models. Tables 47 show the coefficients, z statistics, average
pseudo-elasticities, and the mean and variance of the random parameters for the statisti-
cally significant contributory factors. The random parameters of the contributory factors
followed the normal distribution. The average pseudo-elasticities were computed using
the “marginaleffects” package for R. The contributory factors shown in the tables were
statistically significant at a 5% confidence level. In all of the models, the no-injury outcome
was set as the baseline or reference level in the dependent variable. The majority of the
independent contributory factors were of the categorical type in this study. The coefficients
of the categorical factors indicate the changes in the probability of each injury severity
level relative to the reference level of the categorical factors. The p2 of the models varied
between 9% and around 18%. The number of observations, log-likelihood at zero, and
log-likelihood at convergence are also displayed in the tables. The reference level of the
binary categorical factors is “no” in all cases.

Table 4. Significant Contributory Factors in the EDS-based Mixed Logit Model.

Non-Severe Serious Average Pseudo-Elasticity
Contributory Factors Coefficient Z-Stats Coefficient Z-Stats No-Injury Non-Severe Serious
Constant —1.42 —-7.90
Angle collision —0.36 —4.16 0.14 —0.19 —0.19
Head-on collision 1.61 3.33 —0.0906 —0.0036 1.2610
Hitting fixed object collision —0.48 —5.74 0.1905 —0.2508 —0.3017
No collision —0.87 —8.01 (_3451)7 —2.70 (3.22) 0.4673 —0.3594 —3.0116
X=-447,0=354
Other collisions (i.e, backing, 3.85 7.03 ~0.1290 ~0.1507 3.1076
hitting pedestrian)
Sideswipe collision —0.62 —7.86 (71293 —3.21 (3.34) 0.2895 —0.2835 —1.2251
X¥=-221,0=192
Commercial truck involved —0.40 —2.24 0.0090 0.0157 —0.2308
Drivers aged over 65 years 0.28 3.65 0.53 2.58 -0.1171 0.1418 0.3447
Driving u“degfglﬁzme of alcohol 0.60 450 1.86 6.67 —0.2792 0.2804 1.3144
Urban areas —0.51 —2.23 —0.0133 0.0694 —0.4336
Overturned 1.51 15.97 2.43 10.37 —0.6162 0.7742 1.5017
Speeding related 0.14 2.55 —0.0607 0.0710 0.1987
Tailgating —0.24 —243 —0.81 -3.03 0.1112 —0.1044 —0.5793
1.32 9.25
Unbelted (—1.75) (—2.88) 2.80 10.56 —0.5535 0.6513 1.8643
x=132,0=175
—0.41 —3.44
Snowy weather (~0.90) 2.41) -1.92 —2.92 0.2067 —0.1573 —1.2732
x=041,0=0.90
Lane count 0.16 3.31 —0.0577 0.0885 0.0013
Speed limit 0.03 (0.01) 2.95 (2.63) —0.0007 —0.0015 0.0244
x=0.03, 0 =0.007
Vehicle count 0.36 8.80 0.83 8.36 —0.1586 0.1785 0.5778
Number of observations 10547
Log-likelihood at Zero —8705.52
Log-likelihood at Convergence —7876.87

McFadden pseudo-R-squared

1-LL(B)/LL(0) = 0.10

Note: (1) values in parenthesis indicate the standard deviation of the normally distributed random parameters;
(2) x = mean; (3) o = standard deviation.
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Table 5. Significant Contributory Factors in the CL1-based Mixed Logit Model.
Non-Severe Serious Average Pseudo-Elasticity
Contributory Factors Coefficient Z-Stats Coefficient Z-Stats No-Injury Non-Severe Serious
Constant —174.54 —47.99
Angle collision —7.38 —-3.90 0.5006 —0.1643 1.6060
Head-on collision 29.32 3.01 —0.0060 —0.1189 17.4495
No collision —8.54 —2.17 0.5560 —0.1881 —0.8542
Collision type others 53.60 3.13 1.4257 —0.6790 35.7380
Sideswipe collision (I27 '0902) (_5‘.}42? (iéééi) —2.34 (—3.47) 0.7214 —0.1411 —5.4962
Xx=-792,0=12 X =-2229,0=230.54
Commercial truck involved 30.17 12.70 —2.0233 0.6937 —7.6593
Drivers aged between 50 and 64 —18.32 —9.63
& years (51.40) 1279) 1.5705 —0.3293 44821
x=-18.32,0=>51.40
Driving under influence of alcohol 17.91 273 02632 0.0136 10,0511
or drugs
Evening hours (_71'3761) (_1;378) (’346‘.75? ~210 (2.69) 0.0049 02109 268661
x=7.07,0=11.61 X =—47.36,0=236.17
Urban areas —36.09 —10.35 2.4761 —0.8023 2.0040
Dark-not-lighted condition —6.22 —-2.39 0.3364 —0.1532 8.8923
Overturned 22.32 5.19 29.34 3.79 —1.6415 0.4638 13.0485
Speeding related 3.72(8.22) 2.58 (3.94) 11.31 2.28 —0.1670 0.0651 6.3406
x=372,0=8.23
Tailgating —4.25 —2.21 0.3682 —0.0714 —5.5764
Unbelted 15.61 5.07 35.64 4.17 —1.2223 0.2835 18.2522
(—12.58) (=2.77)
x=15.61,0=12.58
Speed limit 2.22 14.70 —0.1436 0.0502 —0.3909
Vehicle count 477 4.22 —0.0378 0.1251 3.7767
(—5.30) (=9.72)
xX=4.77,0=>5.30
Number of observations 3941
Log-likelihood at Zero —3138.35
Log-likelihood at Convergence —2571.92

McFadden pseudo-R-squared

1-LL(B)/LL(0) = 0.18

Note: (1) values in parenthesis indicate the standard deviation of the normally distributed random parameters;
(2) X = mean; (3) o = standard deviation.

Table 6. Significant Contributory Factors in the CL2-based Mixed Logit Model.

Non-severe Serious Average Pseudo-Elasticity
Contributory Factors Coefficient Z-Stats Coefficient Z-Stats No-Injury Non-Severe Serious
Constant —78.79 —293.20
.. —36.05 —3.37
Angle collision (—97.44) (—837) 0.1750 —0.4560 0.1845
X =—36.05,0=97.44
Head-on collision 83.74 2.61 —0.4815 —0.0484 29.1038
s . . . —25.33 —343 —177.47
Hitting fixed object collision (—12.41) (=3.50) (170.84) —3.93 (5.08) 0.9786 —0.3802 —15.5270
x=-2533,0=1241 x=-177.47,0=170.84
.. —39.37 —4.57
No collision (=3028) (—4.09) —85.47 —2.69 0.6310 —0.7903 —25.9228
X =—-39.37,0=30.28
Sideswipe collision —3872 505 (_5335%(1)? ~216 (3.02) 0.6089 —0.6941 243463
X =—85.13, 0 =82.70
—15.58 —2.68
Curved road (—80.16) (—8.12) 0.3162 —0.0866 —4.2387
X =-—15.58,0=280.16
Driving unde;rlgill‘;;‘ce of alcohol 29.22 3.86 58.82 2.38 —0.4389 0.5607 18.8383
Urban areas —52.98 —6.65 0.4925 —0.9736 —10.0475
Dark-lighted 424l ~278 0.4869 —0.7081 —27.8177
& (70.71) (4.68) : ' '

X=—-4241,0=7071
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Table 6. Cont.
Non-severe Serious Average Pseudo-Elasticity
Contributory Factors Coefficient Z-Stats Coefficient Z-Stats No-Injury Non-Severe Serious
. —19.98 —2.05
Dark-not-lighted (~18.19) (—5.57) 0.5135 —0.3560 —3.3331
x=-19.98, 0 =18.19
Overturned 74.23 13.18 106.95 4.61 —1.0829 1.3205 33.4838
Traffic control present —49.00 -3.12 0.1734 -1.0218 12.7655
Unbelted (gg'gg) 643 (6.60) 10257 440 _08172 1.1044 33.2106
X =65.69, 0 =92
Weather others —15.11 —2.20 0.3318 —0.2936 —11.9732
Rainy weather 2676 316 01722 02955 43999
y (54.15) (6.57) : : :
X =—26.76, 0 =54.15
—30.05 —5.06
Snowy weather (—44.46) (—6.61) —72.79 -3.07 0.4784 —0.3294 —23.1643
x=—-30.05, 0 =44.27
. 18.44 447 56.17
Vehicle count (=29.64) (—11.84) (15.00) 4.95 (3.62) —0.3588 0.5961 19.1112
X =18.44, 0 =29.64 x=56.17,0=15
Number of observations 2998
Log-likelihood at Zero —2421.06
Log-likelihood at Convergence —2036.72

McFadden pseudo-R-squared

1-LL(B)/LL(0) = 0.16

Note: (1) values in parenthesis indicate the standard deviation of the normally distributed random parameters;
(2) x = mean; (3) o = standard deviation.

Table 7. Significant Contributory Factors in the CL3-based Mixed Logit Model.

Non-Severe Serious Average Pseudo-Elasticity
Contributory Factors Coefficient Z-Stats Coefficient Z-Stats No-Injury Non-Severe Serious
Constant —20.16 —13.30
Head-on collision 2.48 2.03 0.0168 —0.3715 1.7205
.. —-1.91 —2.96
No collision (2.33) (2.20) 0.3829 —0.6243 —2.4317
x=-191,0=233
Collision type others 3.60 2.56 —0.2290 0.2609 2.2831
Sideswipe collision —-1.33 —3.56 ;2202? —2.40 (2.33) 0.2484 -0.4519 —1.2366
x=-259,0=2.02
Involvement of commercial trucks 0.95 (2.59) 3.82(3.91) —0.1397 0.7911 —0.5781
x=-0.95,0=259
Driver aged l;ee:;’:e“ 50 and 64 140 432 0.1773 —0.5504 0.2093
Drivers aged over 65 years 0.60 1.99 —0.0864 0.2755 0.0671
Drivers distracted or fatigued 0.54 2.07 ~0.0579 02190 ~02576
asleep
Driving under influence of alcohol 158 290 247 299 —0.2862 0.5795 1.4593
or drugs
Urban areas —3.39 —4.45 0.4313 —1.3385 0.3424
Overturned 2.53 4.87 3.09 4.37 —0.4286 0.9432 1.7693
o —0.99 —2.06 —4.07
Tailgating (217) (200) (353) —2.20 (2.77) 0.2478 —0.2671 —2.2379
x=-099,0=217 X =-4.07,0=3.53
Unbelted 2.00 4.64 3.23 4.30 —0.3672 0.7271 1.9354
—1.46 —-2.15
Snowy weather (=3.69) (—2.71) 0.2575 —0.4537 —1.4486
xX=-146,0=23.69
Speed limit 0.16 5.17 0.05 2.24 —0.0228 0.0644 0.0161
Vehicle count 0.55 2.82 1.33 3.64 —0.1175 0.2010 0.8461
Number of observations 3608
Log-likelihood at Zero —2768.39
Log-likelihood at Convergence —2298.92

McFadden pseudo-R-squared

1-LL(B)/LL(0) = 0.17

Note: (1) values in parenthesis indicate the standard deviation of the normally distributed random parameters;
(2) ¥ = mean; (3) o = standard deviation.
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Tables 4-7 indicated that some of the statistically significant contributory factors were
common between the EDS and the cluster-based models. The following factors were
significant in both the EDS-based and cluster-based models: head-on collision, sideswipe
collision, no collision, driving under the influence of alcohol or drugs (DUI), urban areas,
overturning, not wearing a seatbelt, and vehicle count. However, the degree of their effects
on injury outcomes differed across the models.

Head-on collisions are likely to increase the chances of serious injury in almost all
scenarios of interstate crashes involving large trucks. The parameters of head-on collisions
were fixed in all of the models. On the other hand, the positive impacts of head-on collisions
on serious injuries were substantially higher in the CL1- and CL2-based models. Several
studies have also indicated that head-on collisions are more likely to increase the chance of
severe injuries in crashes involving large trucks [2,42,43].

Sideswipe collisions are likely to reduce the chances of both non-severe and serious
injuries under conditions such as those in the EDS and the clusters. However, the negative
effects of sideswipe collisions on both non-severe and serious injuries were compara-
tively low in the CL2-based model. Behnood and Mannering [13] have also reported that
sideswipe collisions involving large trucks are likely to reduce the chances of severe injuries.
The results also indicated that the parameters of sideswipe collisions for serious injury
function varied significantly in all the models. In the majority of cases, sideswipe collisions
are less likely to lead to serious injuries. However, the mean and standard deviation of
the parameters of sideswipe collisions for serious injury function indicated that 12.51%,
23.28%, 15.17%, and 10.05% of the sideswipe collisions involving large trucks on interstate
roadways are more likely to experience serious injuries under conditions similar to EDS,
CL1, CL2, and CL3, respectively. The parameters of sideswipe collisions for non-severe
injury function in the CL1-based model also varied across the observations. A total of
25.47% of the sideswipe collisions in CL2 are more likely to sustain non-severe injuries.
One reasonable explanation for sideswipe collisions having random parameters is that
they can occur between vehicles that are traveling in the opposite direction to each other.
Sideswipes from the opposite direction can increase the magnitude of the impact, increasing
the likelihood of more severe injuries.

The effects of no-collisions on injury outcomes were not the same in all the models.
The negative impacts of no-collisions on non-severe injuries were comparatively higher
in the CL2-based model. The parameters of no collisions had significant variation for
serious injury function in the EDS-based model and non-severe injury function in the
CL2- and CL3-based models. The results indicated that the majority of the no-collisions
in interstate crashes involving large trucks are less likely to increase the severity of injury.
However, 10.35% of the no-collisions are likely to increase the chance of serious injuries
under conditions similar to EDS. Moreover, 9.68% and 20.7% of no-collisions are likely to
experience non-severe injuries under conditions similar to CL2 and CL3, respectively. The
majority of the crashes in CL2 and CL3 occurred on roadways with considerably higher
speed limits; driving at a higher speed is likely to increase the severity of injury.

DUTI is more likely to increase the chances of both non-severe and serious injuries in
crash scenarios such as those in EDS-, CL2- and CL3-based models. In the CL1-based model,
DUI was a significant factor for only serious injury function. The effects of DUI on serious
injury were substantially higher in the CL1- and CL2-based models. The findings about the
effects of DUI in this study are consistent with previous studies [5,13,44]. Overturning and
unbelted drivers were significant indicators of both non-severe and serious injuries in all
the models. Overturning had similar effects on injury outcomes across the observations in
all the models. Several studies have also indicated that overturning is more likely to be
associated with more severe and fatal injuries [8,12,36].

On the other hand, unbelted drivers had mixed effects on non-severe injuries across
the observations in the EDS-, CL1- and CL2-based models. In most cases, unbelted drivers
are likely to increase the chance of non-severe injuries. However, 22.54%, 10.73%, and
23.76% of interstate crashes involving large trucks and unbelted drivers are less likely
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to sustain non-severe injuries under conditions similar to those in EDS, CL1, and CL2,
respectively. On such occasions, the unbelted driver probably belonged to the large truck,
whose driving seat is well protected. A couple of previous studies have indicated that
unbelted drivers are more likely to increase the severity of injuries [2,7].

Urban interstate crashes involving large trucks are more likely to sustain less severe
injuries. Under conditions similar to those of CL3, the chances of non-severe injuries are
comparatively low for urban interstate crashes involving large trucks. It is possible that
the chances of severe injuries are hugely reduced for urban interstate crashes because of
congestion and better traffic management.

The results have indicated that the number of vehicles in crashes is a significant
indicator of both non-severe and serious injuries in the EDS-, CL2-, and CL3-based models.
In the CL1-based model, the vehicle count was a significant factor for only non-severe
injuries. In most cases, an increase in vehicle numbers is likely to increase the chance of both
non-severe and serious injuries in interstate crashes involving large trucks. Zheng et al. [14]
also indicated that an increase in the number of vehicles increases the chance of severe
injuries in truck-involved crashes. In this study, the results indicated that the vehicle count
can have mixed effects on non-severe injuries in interstate crashes involving large trucks.
The mean and standard deviation indicated that an increase in the number of vehicles may
not increase the chance of non-severe injuries in some cases, such as in CL1 and CL2. The
proportion of observations that had different parameters for serious injury function in the
CL2-based model was insignificant.

In addition to the aforementioned factors, some statistically significant factors were
common between EDS and two cluster-based models. In crash scenarios such as in EDS,
CL1, and CL2, angle collisions are more likely to reduce the chance of non-severe injuries
in most cases. However, the parameters of angle collision for non-severe injury function
varied across the observations in CL2. Under conditions similar to those CL2, 35.57% of the
angle collisions involving large trucks on interstate roadways are more likely to experience
non-severe injuries. The majority of crashes in CL2 occurred under dark-not-lighted
conditions, which can reduce a driver’s visibility and increase the severity of injury. Other
types of collisions (i.e., hitting pedestrians and backing up), the involvement of commercial
trucks, speed limits, and tailgating were significant predictors of injury outcomes in EDS-,
CL1- and CL3-based models. The parameters of other types of collisions were stable, and
other types of collisions are more likely to increase the chances of serious injuries in crash
scenarios such as in EDS, CL1, and CL3. Interstate crashes involving commercial large
trucks are likely to reduce the chances of serious injuries under conditions similar to EDS.
On the other hand, interstate crashes involving commercial large trucks are more likely
to sustain non-severe injuries under conditions similar to those in CL1 and CL3 in the
majority of occasions. However, the parameters of commercial trucks were not the same
across the observations in CL3. The mean and standard deviation indicated that nearly 36%
of the interstate crashes involving large trucks are less likely to sustain non-severe injuries.
In the EDS- and CL1-based models, the speed limit had a significant influence on serious
and non-severe injuries and is likely to increase the chance of serious and non-severe
injuries, respectively. In the CL3-based model, it increases the chance of both non-severe
and serious injuries. The parameters of the speed limit in the EDS-based model varied
in the EDS-based model but were insignificant. In both the EDS and CL3-based models,
tailgating had negative impacts on both non-severe and serious injuries. In the CL1-based
model, it had similar impacts on only non-severe injuries. However, the parameters of
tailgating for both non-severe and serious injury functions were not the same across all the
observations in CL3. In total, 67.58% and 87.55% of the interstate crashes involving large
trucks and tailgating are less likely to lead to non-severe and serious injuries, respectively.
The rest are more likely to experience non-severe and serious injuries.

Snowy weather was a significant predictor of injury outcomes in the EDS-, CL2- and
CL3-based models. The effects of snowy weather on non-severe injuries were not the same
across the observations in EDS, CL2 and CL3. Snowy weather is likely to reduce the chance
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of non-severe injuries in most cases since drivers are usually cautious in snowy weather.
However, 32.30%, 24.96%, and 34.62% of interstate crashes involving large trucks in snowy
weather have a probability of experiencing non-severe injuries in crash scenarios similar to
those in EDS, CL2, and CL3. Most crashes in CL2 and CL3 occurred in high speed limit
zones. It is possible that some drivers were driving at a higher speed, which leads to more
severe injuries.

The contributory factors, which were statistically significant in more than one model,
also included drivers aged between 50 and 64 years (CL1 and CL3), drivers aged over
65 years (EDS and CL3), speeding-related (EDS and CL1), and dark-not-lighted conditions
(CL1 and CL2). In the CL3-based model, drivers aged between 50 and 64 years had negative
impacts on non-severe injuries, and the parameters for non-severe injury function were
fixed. In the CL1-based model, the parameters for non-severe injury function varied across
the observations. The results indicated that 63.92% of interstate crashes involving large
trucks and drivers aged between 50 and 64 years are less likely to sustain non-severe
injuries, and the rest are more likely to sustain non-severe injuries under conditions similar
to those in CL1. Drivers aged between 50 and 64 years not only have years of driving
experience but also have some physical limitations. This may explain the mixed effects of
drivers aged between 50 and 64 years on non-severe injuries. Drivers aged over 65 years
are more likely to increase the severity of injuries under conditions similar to those in EDS
and CL3. Moreover, their effects on injury outcomes were stable across the observations.
Speeding-related interstate crashes involving large trucks are likely to increase the chance
of non-severe injuries in crash scenarios similar to EDS. Such crashes are also more likely
to sustain both non-severe and serious injuries under conditions similar to those in CL1.
However, the parameters of the speeding-related factor for non-severe injury function were
not the same across the observations in the CL1-based model. The mean and standard
deviation indicated that 32.56% of speeding-related interstate crashes involving large trucks
are less likely to sustain non-severe injuries. In CL1, the majority of the crashes occurred in
urban areas, where traffic rules are more strictly maintained and congestion is frequent.
These issues are likely to reduce the severity of the injury. In the CL1 and CL2-based
models, dark-not-lighted conditions were a significant predictor for non-severe injuries.
The parameters of dark—not-lighted conditions were fixed in the CL1-based model but
were random in the CL2-based model. Under conditions similar to CL2, 86.40% of the
interstate crashes involving large trucks under dark—not-lighted conditions are less likely to
experience non-severe injuries, but the rest are more likely to experience non-severe injuries.
Usually, drivers are likely to drive more cautiously under dark—not-lighted conditions.
However, significant factors such as an absence of traffic control and adverse weather
conditions could increase the severity of injury.

The cluster-based approach also revealed that some contributory factors were sig-
nificant only in the cluster-based models. The evening hours were significant for both
non-severe and serious injury functions only in the CL1-based model. However, the param-
eters of evening hours for both non-severe and serious injury functions varied across the
observations in CL1. In total, 72.87% of the interstate crashes involving large trucks in the
evening hours are more likely to experience non-severe injury, and 90.48% are less likely
to sustain serious injuries under conditions such as those in CL1. Only in the CL2-based
model, curved roads, dark-lighted conditions, were the presence of traffic control, other
types of weather (i.e., windy, cloudy, fog, etc.) and rainy weather significant indicators
of non-severe injury. The parameters of the presence of traffic control and other types of
weather were stable and had negative impacts on non-severe injuries only in the CL2-based
model. On the other hand, the parameters of curved roads, dark-lighted conditions, and
rainy weather for non-severe injury function were not the same across the observations.
The mean and standard deviation indicated that 57.71%, 72.56%, and 68.94% of interstate
crashes involving large trucks on curved roads, under dark-lighted and rainy weather
conditions are less likely to experience non-severe injuries under conditions similar to CL2,
respectively. Lastly, drivers being distracted or fatigued/asleep were significant predictors
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of non-severe injuries only in the CL3-based model. The parameters of drivers being
distracted or fatigued/asleep were stable and had positive impacts on non-severe injuries.

4. Discussion and Conclusions

The exploration of the factors that influence the injury outcomes in interstate crashes
involving large trucks is an essential step toward forming better traffic laws, roadway
improvements, and safety measures. Moreover, the knowledge revealed from the analysis
of interstate crashes involving large trucks can help the trucking companies as well, since the
majority of the freight is carried by trucks and interstate roadways experience heavy truck
traffic. The current study used k-prototypes clustering-based mixed logit models to analyze
the heterogeneous effects of the contributory factors on injury outcomes of interstate crashes
involving large trucks. The k-prototypes clustering technique was employed on large-truck-
involved crashes that occurred between 2014 and 2019 on the interstate roadways of the
state of Pennsylvania, US. The entire data set (EDS) was segmented into three clusters,
where the distribution of cluster prototypes indicated that the identified clusters were
more homogenous than the EDS. For example, the majority of the crashes in CL2 and
CL3 occurred on rural interstate roadways and involved commercial trucks. Compared
to the EDS, the proportion of crashes that occurred in rural areas in CL2 and CL3 was
significantly higher. Moreover, the majority of the CL1 crashes occurred in urban areas. In
terms of land use, the clusters were more homogeneous than the EDS. The clusters were
more homogeneous in terms of speed limit factor as well. The dark-not-lighted condition
was another cluster prototype for CL2.

Furthermore, the study developed cluster-based mixed logit models to estimate the
effects of the contributory factors on injury outcomes. The k-prototypes cluster-based
mixed logit models revealed some interesting and valuable insights. Foremost, the sets of
significant contributory factors in the cluster-based models were different from those in the
EDS-based model. This means that, under different crash scenarios, different combinations
of contributory factors become significant. This indicates the existence of heterogeneity in
interstate crashes involving large trucks. Traffic management authorities and road safety
practitioners can rank the factors according to their average marginal effects to obtain a
more comprehensive idea about the combination of factors that are important for different
scenarios of interstate crashes involving large trucks.

A lot of the statistically significant contributory factors were common between EDS-
and cluster-based models. However, the effects of some of the contributory factors on injury
outcomes in the cluster-based models were different from the effects in the EDS-based
models. For example, head-on collisions, DUI, unbelted drivers, overturning, and vehicle
count are more likely to increase the chance of serious injuries under conditions such as
those in CL2, when compared to the conditions of EDS and other clusters. The significantly
higher positive impacts on serious injuries of the aforementioned factors can be explained
by the characteristics of CL2. A good proportion of crashes in CL2 occurred under dark-
not-lighted conditions, which reduces visibility and increases the chance of collisions. The
magnitude of the effects of angle collisions, involvement of commercial trucks, tailgating,
and snowy weather on injury outcomes was also different in the cluster-based models. The
variation in the magnitude of the effects of the contributory factors should be considered
while tailoring traffic rules and regulations for different scenarios of interstate crashes
involving large trucks.

The cluster-based mixed logit models also identified a few contributory factors, which
were statistically significant only in the cluster-based models. Evening hours, curved roads,
dark-lighted, dark—not-lighted, presence of traffic control, other types of weather (i.e.,
windy, cloudy, fog, etc.), rainy weather, and drivers being distracted or fatigued/asleep
were significant only in the cluster-based models. Due to heterogeneity, the aforementioned
contributory factors remained latent in the EDS-based model. Interpreting the effects of the
contributory factors on injury outcomes by considering the characteristics of the clusters,
which represent different scenarios of interstate crashes, can help traffic management
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authorities and road safety practitioners in customizing traffic rules and safety measures.
For example, drivers being distracted or fatigued /asleep were found to increase the chances
of non-severe injuries under conditions similar to CL3. In CL3, the majority of the crashes
occurred on rural interstate roadways with a speed limit of between 88 and 113 km/h.
It is possible to reduce the chances of non-severe injuries by warning drivers to remain
alert while driving in those areas. Interpreting the effects of the contributory factors within
the context of a specific crash scenario can provide more valuable insights. The mutually
exclusive factors identified in the cluster-based models demonstrated the importance of
cluster analysis on aggregated data of interstate crashes involving large trucks.

The results have indicated that the cluster-based approach is an efficient measure
to account for heterogeneity within the aggregated data of interstate crashes involving
large trucks. However, a lot of the contributory factors had random parameters not only
in the EDS-based model but also in the cluster-based models. The presence of random
parameters in the cluster-based models indicated that some sort of heterogeneity still
remained within the clusters as well. The numbers of contributory factors with random
parameters identified in the EDS-, CL1-, CL2-, and CL3-based models were five, six, eleven,
and five, respectively. Based on the results, it is reasonable to state that the k-prototypes
clustering-based mixed logit model is an effective approach to analyze the heterogeneous
effects of the contributory factors on the injury outcomes of interstate crashes involving
large trucks. Traffic management authorities and road safety practitioners should consider
the mixed effects of the contributory factors on injury outcomes while tailoring safety
measures for the prevention of interstate crashes involving large trucks.

Like many other studies, the current study also has some limitations. The current
study did not consider the temporal instability of the data. Future studies should be
cautious in applying the proposed method for forecasting. Additionally, the current study
researched interstate crashes involving large trucks only in the state of Pennsylvania in the
US. Future research efforts can study the severity of injury outcomes of interstate crashes
involving large trucks for other states or for the whole US. Moreover, considering traffic
flow in the analysis of injury severities in interstate crashes involving large trucks can
reveal interesting insights. Lastly, the proportion of serious injury crashes was significantly
lower when compared to no-injury crashes in the data set used for the current study. This
may bias the model towards no-injury crashes while predicting the injury outcomes.
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