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The fatal rate of truck-involved crashes is increasing and crashes become more severe than
passenger vehicles in recent years. Much research has been dedicated to exploring the
truck crash factors while scarce research focused on the intersection scenarios. This study
investigates the factors that affect the severity level of truck-involved crashes at cross- and
T-intersections. Due to the unobserved heterogeneity inherent in crash data, latent class
analysis is firstly conducted to divide the crash dataset into relatively homogeneous clus-
ters. Considering the ordinal feature of the severities, general ordered logit models are sub-
sequently developed to further explore the specific factors within each cluster. This study
uses the North Carolina’s truck-involved crash at intersection data during 2005 to 2017
from the Highway Safety Information System (HSIS). The estimated parameters and asso-
ciated marginal effects are combined to interpret the impact of the significant variables
within specific clusters. Many factors are found to contribute to the severities, and T-
intersection is found to be safer than cross-intersection. For driving behaviors, followed
too closely, disregarded signs, disregarded signals, failed to yield, and exceeded speed
are found to be top five factors that increase the crash severity at intersections. These
results indicate that distraction and speed limits violation always result in severe injury
for humans involved in the truck crashes at the intersections. The results of this research
provide more reliable analysis for the impact factors of truck-involved crashes at intersec-
tions to engineering practitioners and researchers.
� 2020 Tongji University and Tongji University Press. Publishing Services by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/

licenses/by-nc-nd/4.0/).
1. Introduction

The truck-involved crashes have suffered more severe injury compared to passenger vehicles crashes in recent years.
According to U.S. Department of Transportation (USDOT) statistics, from 2016 to 2017, the number of large truck-
involved fatal crashes increased 9.6 % from 4251 to 4657, while passenger vehicle in fatal crashes has decreased 1.4%. Mean-
while, the fatal crash rate per 100 million vehicle miles involving large trucks reached 1.42 and increased 5.2% from 2016 to
2017, and it was 1.38 times compared to the passenger vehicle (USDOT, 2019). In this case, a large number of research stud-
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ies have been dedicated to investigations into the factors that impact the truck-involved crash severity. In considering that
different crash scenarios were a result of different influence factors, truck-involved crashes were specifically drawn into the
circumstances of human characteristics (Bernard and Mondy, 2016; Osman et al., 2018), roadway attributes (Ahmed et al.,
2018; Wu et al., 2019a), location (Khorashadi et al., 2005; Uddin and Huynh, 2017), crash characteristics (Azimi et al., 2020),
vehicle characteristics (Uddin and Huynh, 2018), time (Anderson and Dong, 2017; Behnood and Mannering, 2019) and envi-
ronment (Uddin and Huynh, 2017). Intersections have more complex traffic circumstances and may cause more severe and
frequent crash injury compared to roadways (FHWA, 2004; Zhu and Srinivasan, 2011). Some studies mentioned intersection/
non-intersection (Wu et al., 2019b; Zhu and Srinivasan, 2011) or signal/non-signal control (Anderson and Dong, 2017; Chen
and Chen, 2011) as location or control type variables. However, scarce research on truck-involved crashes that specifically
considers the cross- and T-intersection scenarios has been conducted. Hence, it is important to explore the factors that con-
tribute to the truck-involved severity at cross- and T-intersections.

Even though many studies investigated the truck-involved crashes under specific conditions, there still remain many un-
observed factors that impact the crash severity and result in heterogeneity within the dataset. Research neglected the data’s
heterogeneity might generate wrong parameter estimations and conclusions (Song et al., 2020). Recently, many clustering
methods, such as k-means method (Mohamed et al., 2013), support vector method (Chen et al., 2016; Mokhtarimousavi,
2019) and latent class analysis (Li and Fan, 2019; Liu and Fan, 2020; Mohamed et al., 2013; Sivasankaran and
Balasubramanian, 2020), were used to minimize the heterogeneity within the crash severity dataset. Mohamed et al.
(2013) combined multinomial logit and ordered probit model with k-means and latent class analysis method, and their
results confirmed that clustering the crash severity dataset into homogeneous clusters helps better identify factors that
would otherwise have been hidden without data segmentation. Since latent class analysis (LCA) is a model-based method
which could guarantee the homogeneity within the cluster based on statistical criterions, many traffic crash severity studies
recently implemented LCA for data segmentation (Fountas et al., 2018; Liu and Fan, 2020). Hence, this paper uses latent class
analysis to separate the dataset into groups which have the largest homogeneity within the same group.

For truck-involved crash severities, which are typically discrete in nature, a variety of ordered or unordered logit/probit
methods were implemented to conduct severity impact factors analysis, such as binary/multinomial logit model (Khorashadi
et al., 2005), Bayesian binary/multinomial logit model (Dong et al., 2017), mixed logit model (Anderson and Dong, 2017;
Chen and Chen, 2011; Hou et al., 2019), ordered logit models (Osman et al., 2016), ordered probit model (Uddin and
Huynh, 2018), partial proportional odds model (Li and Fan, 2019) and random parameter ordered logit model (Azimi
et al., 2020).

For unordered model, Dong et al. (2017) used Bayesian multinomial logit and negative binomial model to investigate fac-
tors that affect large truck–involved crash frequency and severity based on 2006 to 2010 Tennessee data. Seat belt usage,
light condition, and terrain type were found to have significant effects only on the crash severity. In order to explore the
heterogeneity within the data, Anderson and Dong (2017) applied a mixed logit model to estimate heavy-vehicle crash fac-
tors based on 2004 to 2014 Minnesota data from HSIS database. Results showed that time-of-week needs to be considered
separately for safety analyses. Uddin and Huynh (2017) employed a mixed logit model to study the impacts of different light-
ing conditions on truck-involved crash severity in Ohio’s rural and urban areas during 2009 to 2013 from HSIS. The hetero-
geneous results indicated the importance of dividing data into different scenarios for more specific and accurate results.

The ordinal nature of crash severity (which usually increases from non-injury to fatal) violates the independence assump-
tion of the response variable for unordered model (Derr, 2013). Hence, many ordinary models were applied for better inves-
tigating the impact of the severity level. Chen et al. (2015) developed a hierarchical Bayesian random intercept model to
analyze the factors affecting rural truck-involved crash severity in New Mexico from 2010 to 2011. Results indicated the
existence of cross-level interaction effects between severity levels. Hassan et al. (2015) developed ordered probit and struc-
tural equation models to investigate truck crash severity’ factors and to study the impact of truck road based on the Abu
Dhabi data between 2007 and 2013. Results indicated that the likelihood of truck crashes involving fatalities was 35% higher
on truck roads than that on mixed-vehicle roads. Azimi et al. (2020) constructed a random parameter ordered logit model to
detect potential sources of heterogeneity within large truck rollover crashes based on Florida’s 2007 to 2016 data. Results
showed significant variation within observations and the heterogeneous impacts on the severities. Osman et al. (2016) com-
pared ordered models with unordered models to analyze truck crash severity in work zones of Minnesota from HSIS. Results
showed that ordered logit has better model fitness than unordered models. By considering the ordinal feature of the crash
severities in the ordered model and investigating the heterogeneity characteristics of the crash data, this paper combines the
LCA with ordered logit model to further explore the factors that affect the truck-involved crash severity.
2. Data description

In this paper, a total number of 18,346 truck-involved crashes data at cross- and T-intersections in North Carolina from
2005 to 2017 are obtained from Highway Safety Information System (HSIS) database after data screening and cleaning. The
independent variable, severity, is the most severe injury in any crash and is categorized into three levels according to sever-
ity characteristics, proportion and literature (Behnood and Mannering, 2019; Chen et al., 2015; Chen and Chen, 2011; Uddin
and Huynh, 2018). The data consist of 3.5% fatal and incapacitating injury (FI), 31.4% non-incapacitating and possible injury
(NP), and 65.1% no injury (N). 24 independent variables are selected based on the human, roadway, location, environment,
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time and control characteristics from the crash observations and are categorized into total 90 dummy variables. Table 1
shows the description of each variable as well as the number of observations at each severity level.

For dependent variable, the ‘‘no injury” is selected as the reference level. Also, for each independent variable, the first cat-
egory is selected as the base (marked in bold). Dummy variables (0 and 1) are created for all independent variables where 1
represents the appearance of independent variable in a crash record and 0 represents the opposite. All the methodology pro-
cedures are developed in the SAS 9.4 software.
3. Methodology

3.1. Latent class analysis

Latent class analysis (LCA) is a statistical clustering method for identifying unobservable, or latent, subgroups among data
with categorical and/or continuous variables by calculating the conditional probabilities that variables take on certain values
(Chang et al., 2019; Lanza and Rhoades, 2013; Liu and Fan, 2020; McLachlan and Peel, 2004). As the number of the clusters of
LCA could be decided by some statistical criterions, there is no need to predefine the number of the clusters. Also, there is no
need to standardize different types of variables, including counts, continuous, categorical, and nominal variables (Lanza and
Rhoades, 2013).

In the crash data, continuous variables are divided into discrete categories for describing the case more specifically. When
classifying the crash dataset with j categorical variables into N classes, the probability of response is defined as follows:
P Yi ¼ yð Þ ¼
XN
n¼1

cn
YJ
j¼1

YRj
rj¼1

qIðyj¼rjÞ
j;rj jn ð1Þ
where cn represents the membership probability for latent class cluster n (n = 1, 2, . . ., N). Suppose that each crash case i con-

tains J variables, let Yi be the result of the case i for J categorical variables, andYi = 1, 2, . . .rj. q
Iðyj¼rjÞ
j;rj jn indicates the probability

that case i has attribute rj, conditional on latent class membership m. Iðyj ¼ rjÞ denotes an indicator function that equals 1
when the yj ¼ rj and 0 otherwise (Lanza and Rhoades, 2013; Liu and Fan, 2020).

The appropriate cluster number N could be determined by some statistical criteria which denote the goodness-of-fit of
the results. This paper adopts the commonly used Akaike Information Criterion (AIC), Bayesian Information Criteria (BIC),
Consistent Akaike Information Criterion (CAIC), and entropy-based measure (Li and Fan, 2019). The entropy-based measure
is an averaged weighted case’s posterior probabilities of membership, ranging between 0 and 1, and closing to 1 indicates a
better clustering (McLachlan and Peel, 2004). The smaller values of the AIC, BIC, and CAIC indicates a better clustering result.
However, there might not exist the minimum values for these information criteria. Hence, the percentage reduction in cri-
teria between different cluster numbers is considered.
3.2. Ordered logit models

Ordered logit model (OLM) is a cumulative-logit model for ordinal responses (McKelvey and Zavoina, 1975). The OLM cal-
culates the cumulative probabilities based on thresholds. Suppose that the response variable has natural order, Y = 1, 2, . . .,
M. The corresponding probabilities are {p1, p2,. . ., pM}, and a cumulative probability of a response less than m is:
PðY � mÞ ¼
Xm

i¼1
pi ð2Þ
Then, the cumulative logit link function with the linear predictors is defined as:
log
P Y � mð Þ

1� P Y � mð Þ
� �

¼ log
p1 þ � � � þ pm

pmþ1 þ � � � þ pM

� �
¼ am þ bX

0
j ð3Þ
where am is the constant variable for response level m. b represents the coefficient of variables X
0
j. This measures how likely

the response Y is to be in or below m versus Y is higher than m.
Thus, the cumulative probabilities are given by:
P Y � mð Þ ¼ eamþbX
0
j

1þ eamþbX
0
j

ð4Þ
since b is constant based on the proportional odds assumption, the curves of cumulative probabilities plotted against x are
parallel (Derr, 2013).
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Table 1
Descriptive statistics of independent variables of the truck-involved crashes at intersections.

Factor Variable ID Description Total Severity level

KIa NPb Nc

severity Injury type 18,346 634 5764 11,948
Human drv_sex 1 Male 17,765 620 5571 11,574

2 Female 581 14 193 374
drv_age 1 <=25 1372 41 455 876

2 26–45 8506 293 2673 5540
3 46–65 7577 263 2362 4952
4 >=66 891 37 274 580

drv_rest 1 None restraint 473 36 213 224
2 With belt 17,553 588 5469 11,496
3 Other restraints 320 10 82 228

alcflag 1 Not detect 17,997 589 5592 11,816
2 Drink or drug 349 45 172 132

contrib1 1 Unknown/none 1280 11 229 1040
2 Disregarded signs 291 31 145 115
3 Disregarded signals 706 37 338 331
4 Exceeded speed 307 11 130 166
5 Failure to Reduce Speed 1972 25 762 1185
6 Improper turn 1341 5 185 1151
7 Improper Lane use 305 12 74 219
8 Improper lane change 251 1 31 219
9 Failed to Yield 1634 51 735 848
10 Inattention 1172 9 238 925
11 Improper backing 541 4 41 496
12 Followed too closely 115 1 39 75
13 Equipment defect 177 4 46 127
14 Other 8254 432 2771 5051

Roadway no_lanes 1 <=2 9858 396 3292 6170
2 3 and 4 7164 214 2118 4832
3 >=4 1324 24 354 946

rd_surf 1 Dry 15,871 566 4994 10,311
2 Wet 2288 66 713 1509
3 Water, ice, snow, slush 187 2 57 128

rd_curve 1 Straight 17,297 581 5402 11,314
2 Curve 1049 53 362 634

rd_grad 1 Level 14,556 499 4498 9559
2 Grade 2842 96 946 1800
3 Hillcrest 725 30 230 465
4 Bottom 223 9 90 124

rd_pave 1 Concrete 165 3 60 102
2 Smooth asphalt 12,266 403 3849 8014
3 Coarse asphalt 5915 228 1855 3832

rd_conf 1 One-way, not divided 371 3 90 278
2 Two-way, not divided 12,320 447 3947 7926
3 Two-way, divided 5655 184 1727 3744

rte_type 1 Interstate 218 1 47 170
2 US route 6448 230 2096 4122
3 NC route 5160 240 1781 3139
4 Secondary 6520 163 1840 4517

func_cls 1 Principle arterial 7529 230 2318 4981
2 Minor arterial 5182 175 1607 3400
3 Collector 3875 182 1344 2349
4 Local 1760 47 495 1218

location rururb 1 Rural 9586 483 3383 5720
2 Urban 8760 151 2381 6228

locality 1 Farms, woods, pastures 5256 302 2050 2904
2 Residential 2812 111 915 1786
3 Commercial 9966 210 2707 7049
4 Institutional 144 7 45 92
5 Industrial 168 4 47 117

loc_type 1 Four-way intersection 11,428 405 3645 7378
2 T-intersection 6918 229 2119 4570

terrain 1 Flat 4715 221 1658 2836
2 Rolling 12,672 380 3856 8436

(continued on next page)
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Table 1 (continued)

Factor Variable ID Description Total Severity level

KIa NPb Nc

3 Mountainous 959 33 250 676
Environ- weather1 1 Clear 13,889 497 4381 9011
ment 2 Cloudy 3052 102 922 2028

3 Rain 1179 27 378 774
4 Snow, sleet, hall, freezing rain 88 0 29 59
5 Fog, smog, smoke 138 8 54 76

light 1 Daylight 15,795 499 4848 10,448
2 Dusk, down 533 22 183 328
3 Dark light 858 30 277 551
4 Dark 1160 83 456 621

Time hour 1 6:00 – 11:59 7475 246 2347 4882
2 12:00 – 17:59 8462 266 2570 5626
3 18:00 – 23:59 1789 76 600 1113
4 0:00 – 5:59 620 46 247 327

month 1 3–5 4641 168 1458 3015
2 6–8 4646 155 1419 3072
3 9–11 3325 124 1066 2135
4 12–2 5734 187 1821 3726

Control access 1 No access 14,604 543 4721 9340
2 Partial control 1780 36 481 1263
3 Full control 1962 55 562 1345

trf_cntl 1 No control 1224 32 386 806
2 Signs 5244 289 1793 3162
3 Signals 9861 237 2821 6803
4 Double Yellow Line, No Passing Zone 2017 76 764 1177

spd_limt 1 <=35 mph 5228 84 1328 3816
2 36–55 mph 12,890 542 4388 7960
3 56–70 mph 228 8 48 172

Note: bold was set for the base of the categorical variables.
a FI - Fatal and incapacitating injury.
b NP - Non-incapacitating and possible injury.
c N - No injury (set as base).
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3.3. Marginal effect

It is important to know that the sign of the b in OLM does not always denote the direction of variable’s effect on the whole
utility function, also could not determine the changing direction of severity probability outcomes, especially for those Y in
the middle of the order (Derr, 2013; Song and Fan, 2020). For evaluating the impacts of significant variables, marginal effect
analysis is conducted. As all variables X are categorized and coded as dummy variables in this study, the marginal effect can
be calculated as follows:
EPmi
Xmij

¼ 1
n

Xn
i¼1

Pmi Xmij ¼ 1
� �� Pmi Xmij ¼ 0

� �� � ð5Þ
where Pmi denotes the probability of case iwith response levelm, and Pmi is calculated when Xijk, the jth binary indicator vari-
able, changes from 0 to 1, respectively. Each variable’s marginal effect is the average value of all cases.
4. Results and discussions

4.1. Latent class analysis results

Based on the LCA with cluster numbers ranging from 1 to 15, the results of AIC, BIC, and CAIC are shown in Fig. 1. The
results of three criteria decrease with the increase in cluster number while the percentage decrease of three criteria drops
to less than 1% after 4 clusters. Also, 4 clusters’ entropy value is 0.9 which is close to 1. This indicates that 4 is the satisfying
cluster number for the whole dataset. Hence, the truck-involved crash data at intersections are divided into 4 clusters.

As shown in Table 2, the variables (in bold) whose proportions in the dataset are significantly larger than other categorical
variables (larger than 50%) are selected for featuring the latent class subsets (Li and Fan, 2019). It should be noted that the
clustered subsets still have all categorical variables (i.e., the variables in bold are only used to denote the latent class). With
the distribution results, cluster 1 could be referred to crashes occurred on urban, 1 or 2 lanes, one-way, not divided minor
arterial with signal control and 35 mph speed limits. Cluster 2 can be specified as urban, 3 or 4 lanes principle arterial with
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Fig. 1. Information criteria of AIC, BIC and CAIC for different cluster numbers.

Table 2
Distributions of featured variables (bold) based on the Latent class analysis.

Variable NO. Meaning Cluster 1 Cluster 2 Cluster 3 Cluster 4

Total 4877 5005 6087 2377
rururb 1 Rural 0.179833 0.048026 0.999122 0.999943

2 Urban 0.820167 0.951974 0.000878 0.000057
no_lanes 1 1 or 2 0.614199 0.083566 0.990308 0.192945

2 3 or 4 0.36365 0.68713 0.009475 0.778813
func_cls 1 Principle arterial 0.13495 0.922053 0.063831 0.769756

2 Minor arterial 0.563449 0.07758 0.260518 0.19499
rd_conf 2 One-way, not divided 0.735021 0.366834 0.982576 0.399565
spd_limt 1 <=35 mph 0.651863 0.298678 0.072947 0.048352

2 36 to 55mph 0.348136 0.677925 0.927052 0.906137
trf_cntl 3 Signal 0.628636 0.860694 0.157072 0.634377
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signal control and 36 to 55mph speed limits. Cluster 3 can be identified as rural, 1 or 2 lanes, one-way, not divided with 36 to
55mph speed limits. Cluster 4 can be described as rural 3 or 4 lanes principle arterial with signal control and 36 to 55mph
speed limits.
4.2. Latent class ordered logit model results

All variables are included in the original OLMs for 4 clusters, and this paper uses 95% confidence level as the criterion to
select significant variables for better describing the crash causes. The Chi-square test is used to determine whether to drop or
remain the variables. The results of the significant variables’ coefficients are shown in the Tables 3 and 4.
4.3. Marginal effect results

Marginal effects are used to describe the variable’s impact on the probability of the crash severity since the coefficient
could not denote this effect directly. The results are shown in the Tables 5 and 6. It is found that even the same variable
would have different impacts on the crash severity in different clusters. Also, more specific impacts of the variable to the
crash severity (especially for FI injury) are discussed as follows:
4.3.1. Human characteristics
According to the Tables 5 and 6, female drivers are found more likely to suffer fatal and incapacitating injuries (FI) and

non-incapacitating and possible injury (NP) (marginal effects: 3.79% and 8.83%) than male in cluster 4. As cluster 4 repre-
sents crashes mostly occurred in principle arterials with speed limits of 35–55 mph, results indicate that females are more
vulnerable during a high speed truck crash, which is similar to the results in (Chen and Chen, 2011; Osman et al., 2018). Also,
drivers with belts are much safer than those without restraints in clusters 2, 3 and 4, which show a 2.16–5.77% reduction in
FI injury and 11.14–15.05% reduction in NP injury. The same conclusions could also been made in (Dong et al., 2017; Osman
et al., 2018). In addition, for a driver who was drunk or on drugs, the injury of both FI injury (marginal effects from 2.8% to
7.33%) and NP injury (marginal effects from 11.97% to 25.15%) increase significantly in all clusters, similar results could be
drawn in (Dong et al., 2017; Liu and Fan, 2019).
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Table 3
Ordered logit models’ significant independent variables in clusters 1 and 2.

Parameter Description Cluster = 1 Cluster = 2

Estimate S.E. Estimate S.E.

Intercept_1 �4.5586** 0.1841 �3.3378** 0.2879
Intercept_2 �1.2876** 0.144 �0.121 0.2725
alcflag_2 Drink or drug 1.1119** 0.2553 1.3606** 0.2284
drv_rest_2 With belt – – �0.8067** 0.2357
drv_rest_3 Other restraints – – �0.7475* 0.3064
contrib1_2 Disregarded signs 1.2183** 0.3513 1.6551** 0.4704
contrib1_3 Disregarded signals 1.2983** 0.1776 1.5699** 0.1415
contrib1_4 Exceeded speed 1.134** 0.3745 1.0294** 0.319
contrib1_5 Failure to reduce speed 0.9278** 0.1336 0.9204** 0.1104
contrib1_6 Improper turn �0.4675** 0.1578 �0.5234** 0.1753
contrib1_8 Improper lane change – – �0.7336* 0.303
contrib1_9 Failed to yield 0.9888** 0.1353 0.946** 0.1536
contrib1_11 Improper backing �1.0544** 0.3121 �1.2095** 0.4306
contrib1_12 Followed too closely 0.7972* 0.3671 – –
contrib1_14 Other 0.6817** 0.0955 0.6058** 0.0905
rd_grad_2 Grade 0.2078* 0.0944 – –
rd_grad_4 Bottom 0.7478* 0.2981 – –
rururb_2 Urban 0.1866* 0.0912 – –
locality_3 Commercial �0.2942** 0.0743 �0.3317** 0.1122
loc_type_2 T-intersection �0.176* 0.0815 – –
hour_2 12:00–17:59 �0.1739* 0.0681 – –
hour_4 0:00–5:59 0.4599* 0.2232 0.6664** 0.1543
trf_cntl_3 Signals �0.2531** 0.0825 �0.2076* 0.091
spd_limt_2 36–55 mph 0.1488* 0.07 – –
Spd_limt_3 50–70 mph – – �1.0713** 0.2809
No. of observation 4877 5005
Log Likelihood (intercept only) �3106.691 �3416.51
Log Likelihood at convergence �2931.048 �3217.77

Note: Confident Level: *for 5%, **for 1%.
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For driver behaviors that contribute to the crash injury, this paper and relevant literature show that behaviors including
disregarded signs, disregarded signals (Azimi et al., 2020), exceeded speed(Khorashadi et al., 2005), failure to reduce speed
(Chen and Chen, 2011), improper lane use (Chen and Chen, 2011), failed to yield (Anderson and Dong, 2017; Bernard and
Mondy, 2016), inattention, followed too closely (Bernard and Mondy, 2016) and equipment defect (Chen and Chen, 2011)
all result in the increase of the truck crash severity compared to the circumstance of no contributions. Especially in cluster
3, in which observations mostly occurred at rural non-signal intersections, factors including followed too closely, disre-
garded signs, disregarded signals, failed to yield, and exceeded speed, contribute to 26.41%, 21.55%, 12.94%, 12.70% and
12.69% increase of FI injury respectively. Behaviors such as improper turn (Chen et al., 2015; Chen and Chen, 2011; Uddin
and Huynh, 2018), improper lane change (Hassan et al., 2015; Khorashadi et al., 2005) and improper backing could slightly
reduce the severity level of the crashes. For example, in cluster 2, improper turn, lane change, and backing could reduce the
probability of FI injury by 0.78%, 0.99% and 1.34% respectively. Those results indicate that slow speed and not direct head-on
crashes might not always result in severe injury for truck-involved crash at intersections.

4.3.2. Roadway and location characteristics
For crashes at gradient road, compared to level road in the cluster 1, road with grade increase 0.33% and 3.57% of the FI

and NP injury, same results could be found in (Azimi et al., 2020; Chen et al., 2015). Also, crashes at bottom segment could
increase 1.58% and 13.74% of the FI and NP injury. Meanwhile, in cluster 1, crashes occurred in urban areas lead to 0.26% and
3.06% increase of the FI and NP injury than those in the rural areas, and same results are shown in (Park et al., 2017). For
truck-involved crash occurred in the commercial area compared to farm and green land, marginal effects show a reduction
of the severity in all clusters. This might be caused by the lower speed limits and better infrastructure in commercial loca-
tions. For crashes that took place at T-intersections in clusters 1 and 3, they have lower injury level than those at cross- inter-
sections. In cluster 3, T-intersection reduced 1.78% and 6.26% of the FI and NP injury. This might be the result of the reduction
of conflict points, especially the vertical crossing points at T-intersections. It is also noted that crashes occurred in the moun-
tainous terrain reduce 1.57% and 6.36% of the FI and NP injury compared to flat area in the cluster 3. Compared to the inter-
state route type, crashes took place in the US route, NC route and secondary route increase the injury level in clusters 1, 3 and
4. Meanwhile, crashes occurred in the minor arterial and collector road compared to principle arterial could also increase
1.28% and 4.23% of the FI and NP injury in cluster 3.

4.3.3. Environment and time characteristics
Compared to the clear weather, raining weather decreases the severity level in cluster 3. This might be caused by the

lower travel speed and higher alertness of the driver in raining condition. Similar conclusions could also be found in
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Table 4
Ordered logit models’ significant independent variables in clusters 3 and 4.

Parameter Description Cluster = 3 Cluster = 4

Estimate S.E. Estimate S.E.

Intercept_1 �3.8412** 0.2077 �3.8818** 0.3722
Intercept_2 �1.1132** 0.2012 �1.311** 0.3643
alcflag_2 Drink or drug 0.777** 0.1689 0.9114** 0.2605
drv_rest_2 With belt �0.7096** 0.1274 �0.7636** 0.2328
drv_sex_2 Female – – 0.5442* 0.2731
contrib1_2 Disregarded signs 2.0217** 0.1743 1.4624** 0.4807
contrib1_3 Disregarded signals 1.4442** 0.283 1.3679** 0.173
contrib1_4 Exceeded speed 1.4419** 0.1826 – –
contrib1_5 Failure to reduce speed 1.1191** 0.1412 0.7922** 0.159
contrib1_7 Improper lane use 1.1113** 0.1986 – –
contrib1_9 Failed to yield 1.5325** 0.1334 1.1373** 0.1664
contrib1_10 Inattention 0.5121** 0.1943 – –
contrib1_11 Improper backing �0.6802** 0.2465 – –
contrib1_12 Followed too closely 2.2286** 0.5546 – –
contrib1_13 Equipment defect 0.6405* 0.286 – –
contrib1_14 Other 1.2969** 0.1192 0.8986** 0.1207
rte_type_2 US route 0.3301** 0.0834 1.132** 0.2682
rte_type_3 NC route 0.4012** 0.0638 1.2184** 0.2825
rte_type_4 Secondary – – 1.2128** 0.3364
func_cls_2 Minor arterial 0.2489** 0.0799 – –
func_cls_3 Collector 0.1379* 0.0698 – –
locality_3 Commercial �0.268** 0.0817 �0.2238** 0.0845
loc_type_2 T-intersection �0.3617** 0.0551 �0.223* 0.0902
hour_4 0:00 – 5:59 – – 0.4053* 0.2026
terrain_3 Mountainous �0.3687** 0.1235 – –
weather1_3 Rain �0.3176** 0.1169 – –
light_4 dark 0.1783* 0.0845 – –
spd_limit_2 36–55 mph 0.2469* 0.1122 – –
No. of observation 6087 2377
Log Likelihood (intercept only) �5116.76 �2037.94
Log Likelihood at convergence �4775.81 �1952.48

Note: Confident Level: * for 5%, ** for 1%.

Table 5
Marginal effects of the independent variables in clusters 1 and 2.

Variable Cluster = 1 (%) Cluster = 2 (%)

Severity Description FIa NPb Nc FIa NPb Nc

alcflag_2 Drink or drug 2.80 20.78 �23.58 4.81 25.15 �29.96
drv_rest_2 With belt – – – �2.16 �15.05 17.21
drv_rest_3 Other restraints – – – �1.02 �11.51 12.53
contrib1_2 Disregarded signs 3.29 22.64 �25.94 7.01 29.07 �36.08
contrib1_3 Disregarded signals 3.54 24.05 �27.60 5.82 28.66 �34.48
contrib1_4 Exceeded speed 2.94 21.08 �24.02 3.16 19.22 �22.38
contrib1_5 Failure to reduce speed 2.02 16.96 �18.99 2.42 16.93 �19.35
contrib1_6 Improper turn �0.56 �7.28 7.85 �0.78 �8.55 9.33
contrib1_8 Improper lane change – – – �0.99 �11.35 12.34
contrib1_9 Failed to yield 2.21 18.18 �20.40 2.69 17.65 �20.34
contrib1_11 Improper backing �0.98 �14.06 15.04 �1.34 �16.73 18.07
contrib1_12 Followed too closely 1.74 14.66 �16.40 – – –
contrib1_14 Other 1.07 11.37 �12.44 1.22 10.52 �11.74
rd_grad_2 Grade 0.33 3.57 �3.90 – – –
rd_grad_4 Bottom 1.58 13.74 �15.31 – – –
rururb_2 Urban 0.26 3.06 �3.31 – – –
locality_3 Commercial �0.45 �5.05 5.50 �0.70 �6.04 6.75
loc_type_2 T-intersection �0.25 �2.91 3.16 – – –
hour_2 12:00–17:59 �0.25 �2.91 3.16 – – –
hour_4 0:00–5:59 0.84 8.22 �9.06 1.65 12.49 �14.14
trf_cntl_3 Signals �0.38 �4.30 4.67 �0.41 �3.72 4.14
spd_limt_2 36–55 mph 0.22 2.51 �2.74 – – –
spd_limt_3 50–70 mph – – – �1.27 �15.37 16.64

Note: The base was set at when the variable was denoted with the number of 1.
a FI - Fatal and incapacitating injury.
b NP - Non-incapacitating and possible injury.
c N - No injury.
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Table 6
Marginal effects of the independent variables in clusters 3 and 4.

Variable Cluster = 3 (%) Cluster = 4 (%)

Severity Description FIa NPb Nc FIa NPb Nc

alcflag_2 Drink or drug 5.23 11.97 �17.20 7.33 13.60 �20.92
drv_rest_2 With belt �4.60 �11.14 15.74 �5.77 �11.88 17.65
drv_sex_2 Female – – – 3.79 8.83 �12.62
contrib1_2 Disregarded signs 21.55 18.10 �39.65 14.86 16.84 �31.70
contrib1_3 Disregarded signals 12.94 17.25 �30.19 12.40 18.01 �30.42
contrib1_4 Exceeded speed 12.69 17.38 �30.07 – – –
contrib1_5 Failure to reduce speed 8.38 15.32 �23.70 5.85 12.10 �17.95
contrib1_7 Improper lane use 8.66 15.17 �23.83 – – –
contrib1_9 Failed to yield 12.70 19.13 �31.83 9.50 16.09 �25.59
contrib1_10 Inattention 3.12 8.17 �11.29 – – –
contrib1_11 Improper backing �2.53 �11.61 14.14 – – –
contrib1_12 Followed too closely 26.41 15.37 �41.78 – – –
contrib1_13 Equipment defect 4.14 10.01 �14.15 – – –
contrib1_14 Other 7.06 19.65 �26.72 5.33 14.56 �19.89
rte_type_2 US route 1.79 5.52 �7.32 5.45 17.80 �23.25
rte_type_3 NC route 2.03 6.88 �8.92 10.06 16.72 �26.78
rte_type_4 Secondary – – – 10.98 15.88 �26.85
func_cls_2 Minor arterial 1.28 4.23 �5.51 – – –
func_cls_3 Collector 0.68 2.35 �3.03 – – –
locality_3 Commercial �1.21 �4.61 5.82 �1.24 �3.90 5.13
loc_type_2 T-intersection �1.78 �6.26 8.04 �1.20 �3.89 5.09
hour_4 0:00–5:59 – – – 2.65 6.76 �9.41
terrain_3 Mountainous �1.57 �6.36 7.93 – – –
weather1_3 Rain �1.38 �5.46 6.85 – – –
light_4 dark 0.93 3.02 �3.95 – – –
spd_limit_2 36–55 mph 1.10 4.25 �5.36 – – –

Note: The base was set at when the variable was denoted with the number of 1.
a FI - Fatal and incapacitating injury.
b NP - Non-incapacitating and possible injury.
c N - No injury.
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(Khorashadi et al., 2005; Liu and Fan, 2020). For the traveling time, compared to the morning time from 6:00 to 11:59, after-
noon from 12:00 to 17:59 could slightly decrease the injury level in the cluster 1. In addition, for those traveling during the
late night from 0:00 am to 5:59 am, result shows an increase of the severity level in clusters 1, 2 and 4. Similar conclusions
could be drawn in (Li and Fan, 2019; Uddin and Huynh, 2017). Also, driving in the dark without roadside light could increase
0.93 % and 3.02% of the FI and NP injury compared to the condition of daylight in cluster 3, similar conclusion could also be
found in (Uddin and Huynh, 2018).

4.3.4. Control characteristics
Compared to the no control condition, locations with signals control could slightly decrease the injury level in clusters 1

and 2, and similar conclusions were drawn in (Anderson and Dong, 2017; Chen and Chen, 2011). The speed limit is set
according to the functional class of the roadway. And the speed limit of the crash in the middle of the intersection is deter-
mined by the largest speed limit of the approaches. It is noted that speed limits within 36 to 55 mph increased the injury
level compared to the speed limits of less than 35 mph in clusters 1 and 3, the result is also in line with (Liu and Fan,
2020). While, for speed limits within 50 to 70 mph, results showed a decrease of the injury level in the cluster 2, which also
shows heterogeneous impact of the factors between each cluster.

5. Transferability test

To test the transferability of the factors in four latent class clustered crashes, likelihood ratio tests are applied according to
(Washington et al., 2011).
X2 ¼ �2 LL btotalð Þ �
Xn

i
LLðblatentclassiÞ

h i
ð6Þ
where LL btotalð Þ is the log-likelihood at the convergence of a model containing the converged parameters based on the total
data. LLðblatentclassiÞ denotes the log-likelihood at the convergence of a model containing the converged parameters based on
the latent class i data. All models utilized the same variables based on the whole dataset model. The degrees of freedom are
calculated by the summation of the number of estimated parameters in all latent class models minus the number of esti-
mated parameters in the whole dataset model. The X2 is v2 distributed with the null hypothesis that the parameters for
all models are the same.
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Based on the ordered logit models, the log-likelihood value for the whole dataset model and four latent class models are
�12984, �2928, �3220, �4782, and �1974, respectively. The value of X2 is 213 with 89 degrees of freedom. This gives a
99.9% confidence level to reject the null hypothesis and indicates significant distinctions (or instability) between the factors
of four latent class clustered crashes with the whole dataset model. Meanwhile, latent class models provide some specific
factors which are not identified in the whole dataset model. All these results indicate better model performance and accu-
racy to segment the whole dataset according to the latent class analysis.

6. Conclusions

This study aims to investigate and identify the contributing factors effecting crash severities of truck-involved crash at
intersections among heterogeneous clusters. Four ordered logit models are constructed based on the latent class analysis
of the data between 2005 and 2017 in North Carolina from HSIS. Different clusters have different significant variables
and coefficient values, which indicate the heterogeneities between specific clusters and proved the superiority of this com-
bined model for obtaining more specific results of the contributing factors. Also, marginal effects are analyzed for better
interpreting the impacts of variable variation, which gave further insights into mitigating the truck-involved crash severity
at intersections.

Based on the ordered logit models, many categorical factors and the impact of these factors are analyzed. Though hetero-
geneous results exist between different clusters (e.g., speed limits), factors such as female, without belt, drunk or in drug,
urban, grade or bottom segment, NC (state) and secondary route, late night, dark without light, minor arterial and collector
road could increase the injury level. While factors such as rain, signal control, commercial, T-intersection, mountainous ter-
rain, and afternoon could reduce the severity level. Also, driver behaviors are analyzed and followed too closely, disregarded
signs, disregarded signals, failed to yield and exceeded speed are the five most contributing factors to increase crash severity,
while behaviors cause indirect and low-speed crash such as improper turn, lane change, and backing, are found to reduce the
severity level.

The results can give insights to engineers and planners for further modifying the transportation regulations and infras-
tructure management (e.g., amending the regulations for speed limits, belt enforcement, signal control and grade design
at specific locations). In this paper, the latent class analysis and the ordered logit models were conducted independently.
Though it is much easier to estimate crash severities in independent models, combining latent classes and crash severity
models could be more beneficial to model performances and inferences (Xiong and Mannering, 2013), and this is worth
exploring in the future.
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