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ARTICLE INFO ABSTRACT

There are more than 2000 pedestrians reported to be involved in traffic crashes with vehicles in North Carolina
every year. 10%-20% of them are killed or severely injured. Research studies need to be conducted in order to
Crash identify the contributing factors and develop countermeasures to improve safety for pedestrians. However, due
North Carolina to the heterogeneity inherent in crash data, which arises from unobservable factors that are not reported by law
]lgztriiztl csfosggzit;;nf 1ds enforcement agencies and/or cannot be collected from state crash records, it is not easy to identify and evaluate
factors that affect the injury severity of pedestrians in such crashes. By taking advantage of the latent class
clustering (LCC), this research firstly applies the LCC approach to identify the latent classes and classify the
crashes with different distribution characteristics of contributing factors to the pedestrian-vehicle crashes. By
considering the inherent ordered nature of the traffic crash severity data, a partial proportional odds (PPO)
model is then developed and utilized to explore the major factors that significantly affect the pedestrian injury
severities resulting from pedestrian-vehicle crashes for each latent class previously obtained in the LCC. This
study uses police reported pedestrian crash data collected from 2007 to 2014 in North Carolina, containing a
variety of features of motorist, pedestrian, environmental, roadway characteristics. Parameter estimates and
associated marginal effects are mainly used to interpret the models and evaluate the significance of each in-
dependent variable. Lastly, policy recommendations are made and future research directions are also given.

Keywords:
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1. Introduction

Compared to other entities in transportation, pedestrians are the
most vulnerable ones. The number of injuries and deaths in pedestrian-
vehicle crashes causes huge impacts both socially and economically.
Such issue is particularly critical within the context of continuous traffic
safety improvements in US. According to the data released from North
Carolina Department of Transportation (NCDOT), more than 2000 pe-
destrians are involved in crashes with vehicles each year during the past
decades in North Carolina. On average, a total of 150-200 pedestrians
are annually killed on NC roads, and additional 200-300 pedestrians
are severely injured.

Under such situation, a large number of research studies have been
conducted to examine the major contributors to pedestrian safety re-
lated issues, such as the influence of alcohol, head injuries, demo-
graphic and economic characteristics, roadway characteristics,
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environmental factors, collision types, party at fault, and locations (Kim
et al., 2008a,b, 2010; Dai, 2012). It is important to identify the key
contributing factors in pedestrian-vehicle crashes by applying and de-
veloping proper modelling approaches.

Moreover, due to the heterogeneity inherent in traffic crash data,
which arises from unobservable factors that are not reported by law
enforcement agencies and cannot be collected from state crash records,
it is not easy to identify and evaluate factors that significantly affect
injury severity of pedestrians in such crashes. Such heterogeneity might
result in biased estimation of parameters and thus drawing potentially
incorrect conclusions (Mannering and Bhat, 2014; Shaheed and Gkritza,
2014).

The purpose of this research is to investigate factors that sig-
nificantly contribute to the severity of pedestrian injuries resulting from
pedestrian-vehicle crashes by taking advantage of LCC and PPO logit
model. This study uses police reported pedestrian crash data collected
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from 2007 to 2014 in North Carolina. A variety of motorist, pedestrian,
environmental, and roadway characteristics are examined. Parameter
estimates and associated marginal effects are also calculated and used
to interpret the model and evaluate the significance of each in-
dependent variable.

2. Literature review

Many research efforts have been made to analyze the injury severity
of pedestrians in pedestrian-vehicle crashes. A wide variety of con-
tributing factors has been identified by existing research, such as al-
cohol, head injuries, demographic and economic characteristics,
roadway characteristics, environmental factors, collision types, party at
fault, and locations (Lee and Abdel-Aty, 2005; Kim et al., 2008a,b,
2010; Tay et al., 2011; Dai, 2012). Such studies clearly showed that it is
not a coincidence that certain pedestrian injury occurs in a traffic crash,
and developing effective modeling approach to investigating con-
tributing factors to pedestrian injury severity continues to be a critical
need in the field of transportation safety.

In general, traffic crash data are inherently heterogeneous, and such
data heterogeneity can cause one to draw incorrect conclusions in many
ways (Depaire et al., 2008). Therefore, researchers always seek to re-
duce such heterogeneity by focusing on building separate models for
each traffic accident type (Valent et al., 2002; Islam and Mannering,
2006; Savolainen and Mannering, 2007; Haleem et al., 2015) or a very
specific traffic type (Bedard et al., 2002; Ulfarsson and Mannering,
2004; Haleem and Gan, 2015). By applying such methods, results from
aforementioned studies show that heterogeneity does seem to be re-
duced to some extent.

Depaire et al. (2008) pointed out that most beforementioned seg-
mentations of the traffic accident data are built upon expertise, meth-
odological decisions or the will of focusing on particular issues, which
sometimes could result in a viable outcome. However, it does not al-
ways guarantee the homogenous segmentations of the data. Thus, it is
crucial to apply non-trivial and valid process of identifying rational
segmentations in traffic crash data. From the standpoint of data ana-
lysis, data mining technique could be viewed as and used to conduct a
computer-aided automatic exploratory data analysis of large complex
data sets (Friedman, 1998). Recently several data mining techniques
have found their benefits in the conduct of traffic safety research, such
as classification and regression tree (CART) (Chang and Wang, 2006;
Kashani and Mohaymany, 2011), k-means clustering (Kim and
Yamashita, 2007; Mohamed et al., 2013), and LCA (Depaire et al.,
2008; Shaheed and Gkritza, 2014; Yasmin et al., 2014a,b; Sun et al.,
2019). Most results indicate that instead of using the full dataset,
clustered data could provide more insightful and meaningful informa-
tion.

In analyzing the crash severity, several statistical methods has been
widely deployed, such as binary logit models (Sze and Wong, 2007;
Moudon et al., 2011), multinomial logit (MNL) models (Quddus et al.,
2009; Aziz et al., 2013; Zhou et al., 2013; Chen and Fan, 2019a), mixed
logit models (ML) (Milton et al., 2008; Malyshkina and Mannering,
2010; Chen and Chen, 2011; Haleem et al., 2015; Chen and Fan,
2019b), ordered logit or probit model (Lee and Abdel-Aty, 2005;
Yasmin et al., 2014a,b), partial proportional odds (PPO) model (Wang
and Abdel-Aty, 2008; Rifaat et al., 2012; Li and Fan, 2018, 2019).
Despite the popularity of the MNL model, it would not be valid if un-
observed data heterogeneities actually exist, since MNL models assume
the same effects of independent variables across crash observations.
Thus, by having parameters that are randomly distributed, the ML
model is applied to deal with such independence of irrelevant alter-
natives (IIA). However, both MNL and ML models treat the injury
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severity levels as non-ordered, which neglects the inherent hierarchical
nature of crash injury severities. In the meantime, ordered logit/probit
models assume that the parameter estimates are same and constant
across severity level, which could be unrealistic and therefore should be
relaxed in crash injury severity modelling. Beforementioned discussions
could be supported by multiple safety papers with comparison among
various models (Mooradian et al., 2013; Yasmin et al., 2014a,b; Eluru
and Yasmin, 2015; Gong et al., 2016). To overcome the previously
mentioned limitations and follow the LCC process, as well as to consider
the inherent ordered nature of the traffic crash severity data, this study
applies the partial proportional odds (PPO) model to explore the con-
tributing factors that significantly affect the pedestrian injury severities
resulting from pedestrian-vehicle crashes for each latent class that are
obtained in the LCC.

3. Data description

Data used in this study are the police reported pedestrian crash data
of 2007-2014, which are retrieved from the Division of Bicycle and
Pedestrian Transportation in North Carolina Department of
Transportation (NCDOT). Categories of explanatory variables include
the crash group, injury severity (of both the driver and pedestrian),
roadway characteristics, vehicle type, driver and pedestrian demo-
graphics, and environmental characteristics, etc. Only cases with pe-
destrian injury severity in pedestrian-vehicle crashes are examined and
analyzed. A total of 10,875 observations are identified, by removing
incomplete and obviously incorrect records at the very beginning and
during the data examination and cleaning process. The distributions of
the 10,875 records at each injury level are shown as follows: Fatal
Injury (K): 921(8.47%); Incapacitating Injury (A): 861(7.92%); Non-
incapacitating (evident) Injury (B): 4097(37.67%); Possible Injury (C):
4431(40.74%); and No Injury (O): 565(5.2%). The crash injury severity
is reorganized into four categories: K, A, B, and C/O. Kim et al.
(2008a,b, 2010) and Eluru et al. (2008) applied the similar classifica-
tion method in their studies in which the injury levels of C and O were
combined into one group perhaps because they share most of the crash
characteristics. In addition, it is regarded to be more realistic to sepa-
rate the injury levels of K and A, due to the complete difference in terms
of their inherent injury degrees.

Table 1 displays a summary of the data, including detailed in-
formation about variables of their definitions and descriptions, as well
as the percentage of observed crash frequency at each severity level.
Explanatory variables are classified into 10 categories describing the
crash time, personal characteristics (driver/vehicle and pedestrian),
traffic and road variables (traffic controls, roadway characteristics),
environment and land use specifications, etc. for each recorded crash.
For each classification variable, dummy variables (0-1) are also cre-
ated, which are shown in Table 1.

4. Methodologies
4.1. Latent class clustering (LCC)

Latent class clustering is a statistical technique that can be used for
finding groups or subtypes of cases in multivariate categorical data with
each class being characterized by a pattern of common traits that
maximize both the homogeneity of elements within classes and the
heterogeneity between classes (Hair et al., 1998). This unsupervised
learning algorithm does not require the number of clusters to be pre-
determined (Vermunt and Magidson, 2002; Depaire et al., 2008; Sun
et al., 2019).

Given a sample of crash data, it is assumed that there are C latent
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Table 1
Descriptive Statistics of Explanatory Variables.
Variable Total c/0* B® AC K¢
Pedestrian-vehicle crashes Label 10875(100%) 4996(45.94%) 4097(37.67%) 861(7.92%)  921(8.47%)
Motorist characteristics
Age (in years) da_24 < 24 2173(19.98%) 923(42.48%) 881(40.54%) 172(7.92%) 197(9.07%)
da25_54 25 - 54 5844(53.74%) 2652(45.38%) 2200(37.65%) 479(8.2%) 513(8.78%)
da_55 > 55 2858(26.28%) 1421(99.65%) 1016(71.78%) 210(14.62%) 211(13.93%)
Gender PedSex Male 6086(55.96%) 2637(43.33%) 2326(38.22%) 522(8.58%)  601(9.88%)
Female' 4789(44.04%) 2359(49.26%) 1771(36.98%) 339(7.08%)  320(6.68%)
Hit and run? Hitrun Yes 290(2.67%) 128(44.14%)  91(31.38%) 35(12.07% 36(12.41)
No 10,585(97.33%) 4868(45.99%) 4006(37.85%) 826(7.8%) 885(8.36%)
Has been drinking? CrashAlcoh Yes 1806(16.61%) 486(26.91%)  720(39.87%)  248(13.73%) 352(19.49%)
No 9069(83.39%) 4510(49.73%) 3377(37.24%) 613(6.76%)  569(6.27%)
Pedestrian characteristics
Age (in years) ped_24 < 24 3739(34.38%) 1635(86.21%) 1616(88.17%) 295(15.57%) 630(15.51%)
ped25_54 25-54 5069(46.61%) 2410(47.54%) 1758(34.68%) 400(7.89%)  501(9.88%)
ped_55 > 54 2067(19.01%) 951(88.14%)  723(73.39%)  166(15.31%) 227(23.15%)
Gender DrvrSex Male 6474(59.53%) 2715(41.94%) 2500(38.62%) 589(9.1%) 670(10.35%)
Female' 4401(40.47%) 2281(51.83%) 1597(36.29%) 272(6.18%)  251(5.7%)
Time
Time cOam_4am 12:01 AM - 4:00 AM 641(5.89%) 165(25.74%) 262(40.87%) 79(12.32%) 135(21.06%)
c4am_8am 4:01 AM - 8:00 AM 982(9.03%) 387(39.41%)  364(37.07%)  98(9.98%) 133(13.54%)
c8am_12am 8:01 AM - 12:00 PM 1428(13.13%) 815(57.07%)  495(34.66%)  68(4.76%) 50(3.5%)
c12pm_4pm 12:01 PM - 4:00 PM 2264(20.82%) 1252(55.3%) 822(36.31%) 127(5.61%) 63(2.78%)
c4pm_8pm 4:01 PM - 8:00 PM 3228(29.68%) 1521(47.12%) 1266(39.22%) 232(7.19%)  209(6.47%)
c8pm_12am 8:01 PM - 12:00 AM" 2332(21.44%) 856(36.71%)  888(38.08%)  257(11.02%) 331(14.19%)
Traffic control
Control type NConP No Control Present 6947(63.88%) 3183(45.82%) 2615(37.64%) 549(7.9%) 600(8.64%)
Hcon Human Control 127(1.17%) 79(62.2%) 39(30.71%) 5(3.94%) 4(3.15%)
TraS Traffic Sign 2060(18.94%) 857(41.6%) 777(37.72%) 185(8.98%) 241(11.7%)
TraSl Traffic Signal 1741(16.01%) 877(50.37%) 666(38.25%) 122(7.01%) 76(4.37%)
Land development
Land use Commercial Commercial 5485(50.44%) 2769(50.48%) 1925(35.1%) 416(7.58%) 375(6.84%)
FWP Farms, Woods, Pastures ~ 1171(10.77%) 334(28.52%)  423(36.12%)  143(12.21%) 271(23.14%)
Industrial Industrial 65(0.6%) 28(43.08%) 25(38.46%) 7(10.77%) 5(7.69%)
Institutional Institutional 377(3.47%) 217(57.56%) 140(37.14%) 12(3.18%) 8(2.12%)
Residential Residential 3777(34.73%) 1648(43.63%) 1584(41.94%) 283(7.49%)  262(6.94%)
Environmental factors
Weather FSS Fog, Smog, Smoke 53(0.49%) 19(35.85%) 21(39.62%) 1(1.89%) 12(22.64%)
Clear Clear 8367(76.94%) 3812(45.56%) 3191(38.14%) 652(7.79%)  712(8.51%)
Cloudy Cloudy 1530(14.07%) 711(46.47%)  548(35.82%)  131(8.56%)  140(9.15%)
Rain Rain 871(8.01%) 425(48.79%)  322(36.97%)  72(8.27%) 52(5.97%)
SSHFRD Snow, Sleet, Hail, 42(0.39%) 24(57.14%) 13(30.95%) 2(4.76%) 3(7.14%)
Freezing Rain/Drizzle
OtherWeather Other 12(0.11%) 5(41.67%) 2(16.67%) 3(25%) 2(16.67%)
Light Condition DarkLRd Dark - Lighted Roadway  2301(21.16%) 927(40.29%)  918(39.9%) 224(9.73%)  232(10.08%)
DarkNOTLRd Dark - Roadway Not 2169(19.94%) 635(29.28%)  769(35.45%)  277(12.77%) 488(22.5%)
Lighted
Dawm Dawn 180(1.66%) 88(48.89%) 69(38.33%) 14(7.78%) 9(5%)
Daylight Daylight 5915(54.39%) 3189(53.91%) 2231(37.72%) 322(5.44%)  173(2.92%)
Dusk Dusk" 310(2.85%) 157(50.65%)  110(35.48%)  24(7.74%) 19(6.13%)
Vehicle characteristics
Vehicle type Car Car 6088(55.98%) 2865(47.06%) 2362(38.8%)  462(7.59%)  399(6.55%)
Bus Bus 86(0.79%) 50(58.14%) 24(27.91%) 6(6.98%) 6(6.98%)
Motorcycle Motorcycle 47(0.43%) 15(31.91%) 22(46.81%) 4(8.51%) 6(12.77%)
Heavy _Vehicle Heavy Vehicle 227(2.09%) 63(27.75%) 73(32.16%) 24(10.57%)  67(29.52%)
Van Van 727(6.69%) 358(49.24%)  253(34.8%) 51(7.02%) 65(8.94%)
Pickup_Truck Pickup Truck 1494(13.74%) 648(43.37%) 554(37.08%) 129(8.63%) 163(10.91%)
Sport_Utility Sport Utility 1969(18.11%) 872(44.29%)  730(37.07%)  172(8.74%)  195(9.9%)
Public Public (Police, etc.) 45(0.41%) 24(53.33%) 14(31.11%) 0(0%) 7(15.56%)
LiTr Light Truck (Mini-Van, 192(1.77%) 101(52.6%) 65(33.85%) 13(6.77%) 13(6.77%)
Panel) *
Roadway characteristics
Road class Freeway Freeway 152(1.4%) 24(15.79%) 38(25%) 18(11.84%) 72(47.37%)
Local_Street Local Street 5810(53.43%) 2670(45.96%) 2398(41.27%) 437(7.52%) 305(5.25%)
NCSR North Carolina state 658(6.05%) 203(30.85%)  231(35.11%)  96(14.59%)  128(19.45%)
route
PRdDr Private Road, Driveway 172(1.58%) 71(41.28%) 76(44.19%) 20(11.63%) 5(2.91%)
PVehA Public Vehicular Area 2036(18.72%) 1404(68.96%) 557(27.36%)  61(3%) 14(0.69%)
NCSSR North Carolina 1272(11.7%) 410(32.23%)  525(41.27%)  135(10.61%) 202(15.88%)
secondary state route
USRoute US Route 775(7.13%) 214(27.61%)  272(35.1%) 94(12.13%)  195(25.16%)

(continued on next page)
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Table 1 (continued)
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Variable Total c/0* B" AC K!
Road geometry RdCharacte Straight 10317(94.87%) 4809(46.61%) 3883(37.64%) 790(7.66%)  835(8.09%)
Curve 558(5.13%) 187(33.51%)  214(38.35%)  71(12.72%)  86(15.41%)
Road type one_way One-Way 780(7.17%) 467(59.87%) 262(33.59%) 29(3.72%) 22(2.82%)
two_way_D Two-Way, Divided 2122(19.51%) 746(35.16%)  849(40.01%)  218(10.27%) 309(14.56%)
two_way_NOTD Two-Way, Not Divided"  7973(73.31%) 3783(47.45%) 2986(37.45%) 614(7.7%) 590(7.4%)
Crash characteristics
Crash group (Pedestrian behavior associated Midblock Midblock 250(2.3%) 97(38.8%) 111(44.4%) 22(8.8%) 20(8%)
with Motorist maneuver) PedCro Pedestrian Crossing 4447(40.89%) 1941(43.65%) 1683(37.85%) 385(8.66%)  438(9.85%)
PedinRd Pedestrian in Roadway 1009(9.28%) 310(30.72%) 351(34.79%) 117(11.6%) 231(22.89%)
Back Backing Vehicle 1121(10.31%) 750(66.9%) 326(29.08%) 31(2.77%) 14(1.25%)
WorkinRd Working in Roadway 197(1.81%) 116(58.88%)  63(31.98%) 11(5.58%) 7(3.55%)
OffRd Off Roadway 1296(11.92%) 829(63.97%)  399(30.79%)  53(4.09%) 15(1.16%)
DD Dash / Dart-Out 1401(12.88%) 435(31.05%) 723(51.61%) 156(11.13%) 87(6.21%)
PedWCro Pedestrian Waiting to 8(0.07%) 5(62.5%) 2(25%) 1(12.5%) 0(0%)
Cross
PedWARd Pedestrian Walking 1146(10.54%) 513(44.76%) 439(38.31%) 85(7.42%) 109(9.51%)
Along Roadway”
Rural or urban RuralUrban Urban 7879(72.45%) 3954(50.18%) 2969(37.68%) 532(6.75%)  424(5.38%)
Rural 2996(27.55%) 1042(34.78%) 1128(37.65%) 329(10.98%) 497(16.59%)

* Selected as base among each variable category.
C/0 - No/Possible injury (base).

B - non-incapacitating injury.

A - incapacitating injury.

4 K - killed.

a
b

c
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Fig. 1. Evolution of AIC (LL), BIC (LL), CAIC (LL) when adding classes to the model.

classes to be estimated based on J categorical items. Let Y; = (Y, ...,
Y;;) denote observation i’s responses to J categorical items where pos-
sible values of Yj; are 1, ..., ;. Let C; = 1, 2, ..., C represent the latent
class membership of individual i, and let I(yj=k) be the indicator
function, which equals to 1 if y; equals to r; and O otherwise. The
contribution made by observation i to the likelihood can be shown as:

C J Rj I(_)?:rj)
Pi=y)=2n I 11e e

c=1 Jj=1 rj=1

where y, is the probability of membership in latent class c, and p is the
item-response probability conditional on latent class membership. The
LCC models for this study are built using SAS 9.4, by calling the LCA
procedure, which is developed by The Methodology Center, and more
details can be referred to (Lanza et al., 2007).

For the goodness-of-fit and the purpose of deciding the appropriate
number of classes, the estimation of the p-values by time-consuming
parametric bootstrapping and information criteria (i.e., Bayesian
Information Criterion (BIC), Akaike Information Criterion (AIC) and

Consistent Akaike Information Criterion (CAIC)) are commonly used. In
addition, it is well note that due to the sparse frequency table in such
data analysis, asymptotic p-values from the Pearson or the likelihood-
ratio chi-squared tests can no longer be trusted (Sun et al., 2019). As
such, this study applies the BIC, AIC and CAIC to identify the final LCC
models.

4.2. Partial proportional odds model (PPO)

The parameter estimates are assumed to be same and constant
across severity levels in ordered logit/probit models. However, such
parallel-lines/proportional odds (PO) assumption could be violated in
many circumstances. The generalized ordered logit model with a full
relaxation of the PO assumption to all variables could be utilized to
overcome this problem, as shown below:

exp(a — X))

rPY>)= — -
¥=zJ) 1+ exp(ocj—X’iBj)
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Table 2

Results of LCC and the distributions of featured variables (bold) in each class.

Class 2 Class 3 Class 4 Class 5 Class 6

Class 1

Variables

2261 (20.79%) 2040 (18.76%) 1918 (17.64%) 2416 (22.22%)

1380 (0.1269%)

860 (7.91%)

Total cases

Traffic control

8 (0.35%) 44 (2.16%) 1193 (62.2%) 463 (19.16%)

9 (0.65%)

24 (2.79%)

Traffic Signal

Traffic control

Land development
Land development

480 (34.78%) 427 (18.89%) 1298 (63.63%) 311 (16.21%) 872 (36.09%)

389 (45.23%)

Residential

Environmental factors

Light condition

1627 (67.34%)
681 (28.19%)
45 (1.86%)

379 (16.76%) 96 (4.71%) 153 (7.98%)
71 (3.14%) 35 (1.72%) 10 (0.52%)

41 (2.97%)

5 (0.58%)

Dark - Lighted Roadway

1305 (94.57%)
8 (0.58%)

67 (7.79%)

Dark - Roadway Not Lighted

Daylight

1762 (86.37%) 1659 (86.5%)

1717 (75.94%)

724 (84.19%)

Roadway characteristics

Road class

1999 (82.74%)

27 (1.12%)
18 (0.75%)

1702 (88.74%)

49 (2.55%)
22 (1.15%)

1916 (93.92%)
24 (1.18%)
6 (0.29%)

157 (6.94%)

23 (1.67%)
3 (0.22%)

13 (1.51%)
4 (0.47%)

Local Street

1929 (85.32%)

0 (0%)

Public Vehicular Area

654 (47.39%)

572 (66.51%)

North Carolina secondary state route

Crash characteristics

1464 (60.6%)

0 (0%)

1779 (92.75%)

0 (0%)

606 (29.71%)

0 (0%)

76 (3.36%)

310 (22.46%)

0 (0%)

212 (24.65%)
2 (0.23%)

Pedestrian Crossing

Off Roadway

Crash group (Pedestrian behavior associated with Motorist maneuver)

1294 (57.23%)

145 (6%)

1329 (96.3%) 443 (19.59%) 154 (7.55%) 85 (4.43%)

840 (97.67%)

Rural

Rural or Urban

288

Accident Analysis and Prevention 131 (2019) 284-296

where j denotes the predefined severity level and Y; represents the
observed crash injury for crash i and j is the severity level. X;isap x 1
vector containing the crash value i on the full set of p explanatory
variables, 3j denotes a p X 1 vector of estimated coefficients, and q; is
the cut-point for the jth cumulative logit. In the generalized ordered
logit model, B is not fixed across levels while compared to the ordered
logit model. However, in most cases, not all variables violate the PO
assumption. To resolve the issue, the PPO model relaxes the PO as-
sumption by allowing particular explanatory variables to violate the PO
assumption, while other remaining independent variables could stick to
the PO assumption. Hence, the PPO model divides the explanatory
variables into two sets corresponding to those with/without violating
the PO assumption: X; and T;, and then the PPO model with logit
function can be expressed as:

exploy — (X'iB; + T'ivy]
1+ exploy — (X'iB; + T'ivy]

P(Y;i > )=

A series of Wald Chi-square tests can be conducted and used to
examine whether or not the PO assumption is violated for each in-
dividual explanatory variable in the generalized ordered logit model
(Wang and Abdel-Aty, 2008; Sasidharan and Menéndez, 2014).

Prior to the development of PPO models, an ordered logit model is
firstly built to identify the significance of explanatory variables and
then a generalized ordered logit model is used as the base to establish
the PPO model for each class. The PPO models for this study are de-
veloped using SAS 9.4, by calling the LOGISTIC procedure, which can
be referred to (Derr, 2013).

It is noticeable that the sign of 3 does not always denote the di-
rection of the effect of the intermediate outcomes (Wooldridge, 2010;
Washington et al., 2010) while interpreting the results of the PPO
model. Therefore, the marginal effects are utilized to further explore the
impacts of variables. All variables are dummy-coded in this study so
that the marginal effects (i.e., a difference of probability change rather
than the derivative) are calculated after the development of PPO
models for each variable.

5. Modeling results
5.1. Latent class clustering results

All variables mentioned in the Table 1 are used in the LCC. The
evolution of AIC, BIC and CAIC information criteria are shown in the
Fig. 1. According to Fig. 1, the six-class model is chosen as the final LCC
model, since from six classes onwards, the BIC and CAIC barely show
further improvements (< 1%). Meanwhile, the quality of the clustering
solution is evaluated by using the entropy criterion (Peel and
McLachlan, 2000), where the closer this criterion is to 1, the better the
clustering. The value is 0.91 in this case, which indicates a good se-
paration between the classes.

Similar to the research studies of (Depaire et al., 2008; Sun et al.,
2019), the final six-class models could be described based on the
skewed feature distributions of particular variables, which differ be-
tween the classes. For example, if one class has 95% of its crashes oc-
curring between midnight to 4am, while other classes have more ba-
lanced distributions over the feature of “time”, one can identify this
class as “12am to 4am traffic crash” class. It is noticeable that this
analysis just tries to identify various traffic crash types within the data,
which can be overlapping on some variables.

Table 2 shows the results of the final set of featured variables that
are used for profiling the six classes. In class 1, 97.67% crashes happen
on rural and 66.51% on North Carolina secondary state routes, parti-
cularly 84.19% in daylight condition. Thus, class 1 can be referred to as
“Crashes on rural North Carolina secondary route in daylight”. Class 2
overlaps class 1 on “rural” and “road class (North Carolina secondary
state route)” with 96.3% and 47.39% respectively, but 94.57% crashes
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Table 3a
PPO Model for Class 1 in Pedestrian-Vehicle Crashes.
Class 1 Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E.
Variable All Level K¢ AC B"
Intercept —2.4075%" 0.2429 -1.36457% 0.2271 0.77267 % 0.2224
Motorist characteristics
Hit and run (vs. no) Yes 1.1415% 0.5785
Pedestrian characteristics
Age (in years, base: = 55) 25 - 54 —-0.3709* 0.1526
Time
Time (base: 8:01 PM - 12:00) 4:01 AM - 8:00 AM 0.5176"* 0.1866
Land development
Land use (base: Residential) Farms, Woods, 0.3194" 0.1351
Pastures
Institutional —0.8146" 0.3855
Vehicle characteristics
Vehicle type (base: Light Truck (Mini-Van, Panel) Heavy Vehicle 2.1778*+ 0.3956 1.6291*+ 0.3862 0.5582 0.4495
Roadway characteristics
Road class type (base: US Route) Freeway 1.6656 "+ 0.5915
Road geometry Straight —0.7540%""  0.1884
Crash characteristics
Crash group (Pedestrian behavior associated with Motorist Midblock 0.7719** 0.2505
maneuver, base: Pedestrian Walking Along Roadway) Pedestrian 0.7878** 0.1715
Crossing
Dash / Dart-Out 1.0100"* 0.1851

No. of observations, 860.

-2 X Log-likelihood at convergence, 1965.521.

2 x Log-likelihood (constant only), 2103.394.

*Level of significance > 95%. * *Level of significance > 99%.
b B - Non-incapacitating (evident) Injury.
¢ A - Incapacitating Injury.
4 K - Fatal Injury.

occur on dark roadway without lighting. For class 3, 85.32% crashes
are on the public vehicular area with pedestrians off roadways. 93.92%
of the crashes occur on local streets for class 4 with 63.63% of the
crashes in residential area. Class 5 has 92.75% of the crashes happening
while pedestrians are crossing the roads, and 62.2% of the crashes occur
with traffic signal being present. For the last class, 67.34% of the cra-
shes happen on the lighted roadways under dark light condition. The
total sample sizes of each class are also presented in Table 2.

5.2. Partial proportional odds model results

A restricted PPO model including all observations is built initially
and its associated log likelihood value at convergence is -10975. Then
PPO models for each latent class are also developed, except Class 3,
which collapses into ordered logit model with all variables passing the
Wald Chi-square tests for the PO assumption. It is found that various
explanatory variables have a statistically significant standard deviation
in all six datasets and sets of the identified explanatory variables are
different between classes. Therefore, five PPO models and one ordered
logit model have been obtained. The sum of the log likelihood values of
the all sub-models is -10759. Following the procedure of conducting the
likelihood ratio test, the value of test statistics equals to 432 with 61
degrees of freedom. The result rejects the hypothesis that all six latent
classes are the same at the confidence level of 99.9%. Therefore, it
indicates that significant differences of pedestrian injury severity in
pedestrian-vehicle crashes exist between different latent classes. Results
of all models for each latent class are displayed in Tables 3a-3f, re-
spectively. For variables that violate the PO assumption, coefficients are
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set to be varied across injury severity levels while other variables that
meet the PO assumption have fixed effects.

5.3. Marginal effects results

Obvious differences can be observed among the contributing factors
under each crash severity level across all latent classes when comparing
sub-models. Cautions are needed while interpreting the results, since
the sign(s) of the coefficient(s) does(do) not always denote the direction
of the effect of the intermediate outcomes. Hence, marginal effects of
each variable are computed to show how contributing factors affect the
pedestrian injury severity levels. In this study, marginal effects measure
discrete changes on account of the categorical variables, which re-
present how the predicted probabilities change as the binary in-
dependent variables change from 0 to 1. This section will focus on the
interpretation of the contributing factors affecting the crash severity of
pedestrians and discuss the differences between different latent classes,
mainly based on the marginal effects from Tables 4a and 4b.

5.3.1. Human factors

Factors of this category come from both sides of pedestrians and
drivers. The influence of alcohol on drivers is significant in class 2, 3,
and 6. Differences of such impacts can also be seen between class 2, 3
and 6 across severity levels, where the drunk drivers raise the risks of
non-capacity injury (marginal effects +0.1077) for pedestrians in class
3 (i.e., crashes with pedestrians off roadway on the public vehicular
area), and raise the risks of fatal injury for class 2 (i.e., crashes on rural
North Carolina secondary route in daylight) and class 6 (i.e., crashes on
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Table 3b
PPO Model for Class 2 in Pedestrian-Vehicle Crashes.
Class 2 Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E.
Variable All Level K¢ AC B"
Intercept —1.5981%* 0.2004 —1.1424%* 0.1908 0.61117* 0.1837
Motorist characteristics
Has been drinking (vs. no) Yes 0.3460" " 0.1065
Hit and run (vs. no) Yes 0.7724% 0.3548 1.2354% % 0.3581 0.2814 0.4165
Pedestrian characteristics
Age (in years, base: = 55) < 25 -0.9596"* 0.2108 -—0.7406"* 0.1985 -—0.3808 0.2068
Gender (base: female) Male
Time
Time (base: 8:01 PM - 12:00) 12:01 AM - 4:00 0.4964" " 0.1500
AM

4:01 AM-8:00AM 0.9489" " 0.1848

Vehicle characteristics

Vehicle type (base: Light Truck (Mini-Van, Panel) Heavy Vehicle 0.9855%* 0.3297

Roadway characteristics

Road class type (base: US Route) Freeway 1.0784** 0.3086

Road type (base: Two-Way, Not Divided) Two-Way, Divided 0.5268"* 0.1515

Crash characteristics

Crash group (Pedestrian behavior associated with Motorist Pedestrian 1.0201* 0.1761 1.3675"+ 0.1623 1.0384"* 0.1857

maneuver, base: Pedestrian Walking Along Roadway) Crossing

Pedestrian in 1.0181%* 0.1575 1.072*+ 0.1433 0.6207** 0.1455
Roadway

Dash / Dart-Out 1.0960"* 0.2321

No. of observations, 1380.

-2 X Log-likelihood at convergence, 3387.673.

-2 X Log-likelihood (constant only), 3674.085.

*Level of significance > 95%. * *Level of significance > 99%.
b B - Non-incapacitating (evident) Injury.
¢ A - Incapacitating Injury.
4 K - Fatal Injury.

Table 3¢
PPO Model for Class 3 in Pedestrian-Vehicle Crashes.
Class 3 Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E.
Variable All Level K¢ AC B"
Intercept —3.8250" " 0.2742 -—2.1466%7" 0.1825 0.43547 % 0.1618
Motorist characteristics
Has been drinking (vs. no) Yes 0.6281** 0.2004
Pedestrian characteristics
Age (in years, base: = 55) < 25 —0.2602* 0.1258
25 - 54 —0.5664% " 0.1109
Land development
Land use (base: Residential) Commercial —0.5605%" 0.1185
Institutional —0.6159* "  0.2054
Vehicle characteristics
Vehicle type (base: Light Truck (Mini-Van, Panel) Heavy Vehicle 1.0183%* 0.2626
Roadway characteristics
Road class type (base: US Route) Private Road, 0.8684" " 0.1744
Driveway

Crash characteristics

Crash group (Pedestrian behavior associated with Motorist ~ Pedestrian —0.8485% "  0.3064
maneuver, base: Pedestrian Walking Along Roadway) Crossing

Backing Vehicle —0.3355%" " 0.0958

Rural or urban (vs. no) Urban -0.4196%" 0.1117

No. of observations, 2261.

-2 X Log-likelihood at convergence, 3388.357.

-2 X Log-likelihood (constant only), 3556.410.

*Level of significance > 95%. * *Level of significance > 99%.
> B - Non-incapacitating (evident) Injury.
¢ A - Incapacitating Injury.
4 K - Fatal Injury.
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Table 3d
PPO Model for Class 4 in Pedestrian-Vehicle Crashes.
Class 4 Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E.
Variable All Level K¢ AC B"
Intercept —5.1293%*" 0.4674 —3.70297% 0.3943 -1.26247% 0.3671
Motorist characteristics
Gender (base: female) Male 0.2027* 0.0891
Pedestrian characteristics
Age (in years, base: > 55) < 25 -0.87387 % 0.1627
25 - 54 -0.8197** 0.1675
Land development
Land use (base: Residential) Industrial 29886+ * 0.9701
Environmental factors
Weather (base: Other) Clear 0.5363* 0.2272
Cloudy 0.5603" 0.2502
Vehicle characteristics
Vehicle type (base: Light Truck (Mini-Van, Panel) Sport Utility 0.3364+* 0.1186
Roadway characteristics
Road class type (base: US Route) Local Street 0.6231" 7 0.2365
North Carolina state 0.8906™ 0.4035
route
North Carolina 2.6061+ " 0.7612
secondary state route
Road type (base: Two-Way, Not Divided) Two-Way, Divided 0.4906* * 0.1157
Crash characteristics
Crash group (Pedestrian behavior associated with Midblock 0.7233"* 0.1972
Motorist maneuver, base: Pedestrian Walking Pedestrian Crossing 0.3732 0.4340 0.4838* 0.2342 0.8923"* 0.1366
Along Roadway) Pedestrian in Roadway 0.5689" * 0.1853
Dash / Dart-Out 0.5988 0.4121 0.6932%* 0.2277 1.3088%* 0.1414
Pedestrian Waiting to  3.38317 1.5248

Cross

No. of observations, 2040.

-2 x Log-likelihood at convergence, 3689.59.

-2 x Log-likelihood (constant only), 3867.856.

*Level of significance > 95%. * *Level of significance > 99%.
> B . Non-incapacitating (evident) Injury.
¢ A - Incapacitating Injury.
4 K - Fatal Injury.

lighted roadway with dark light condition) differently (marginal effects
+0.0614 and +0.0320, respectively). Young pedestrians (< 24) and
mid-age pedestrians (25-54) are less likely to suffer fatal injuries,
particularly for class 2 (marginal effects -0.1550 and -0.0946) and class
6 (marginal effects -0.1149 and -0.0639). Male pedestrians in class 6
have higher chance to be fatally injured in crashes (marginal effects
+0.0223). “Hit and run” has very significant impacts on both severity
levels of capacitating and fatal injury for class 1, 2 and 6, but the de-
grees of effect are different, which can be seen in Tables 4a and 4b. It is
found that pedestrians in class 4 (i.e., crashes on residential local street)
are more likely to be negatively affected by male drivers, while no
statistical relationships are observed for other classes. This comes as no
surprise, since previous studies have shown that male drivers are more
likely to take risks (Deery, 1999), and engage in aggressive driving.

5.3.2. Vehicle characteristics

Heavy vehicle involved crashes have higher chances to cause severe
injury (capacitating and fatal injury) in almost all classes (except for
class 4), but this chance is highest for class 1 (marginal effects
+0.3400). Similar conclusions were drawn in (Aziz et al., 2013). The
only statistical relationship is observed for class 4 with contributing
factor being “Sport Utility Vehicle”. It is also observed for class 6 and
contributing factor of “Public Vehicle” with effect on reducing risk of

being fatally injured (marginal effects -0.1032). Crashes occurred in-
volving car only have impacts on class 5 (i.e., crashes with pedestrians
crossing the roads and traffic signal being present) and 6.

5.3.3. Crash characteristics

This category is classified as “Crash Groups” in the police-reported
crash datasets. Variables in this category are highly related to the be-
haviors of both drivers and pedestrians. For crashes happening mid-
block, they only have impacts on class 1 and 4, and the associated
marginal effect indicates the highest negative impact on “Fatal Injury”
for class 1 (marginal effects +0.0800). For crashes that occurred while
pedestrians cross roadways, the risks for being severely injured are
higher for almost all classes (except for class 3) with highest marginal
effects being on class 2 (marginal effects +0.1933). Similar trends can
also be seen for the variable of “Dash / Dart-Out” (marginal effects
+0.2157 for class 3, much higher than other classes). The impacts of
backing vehicles involved in crashes show significance only in class 3.
Such unique impacts are also true for “pedestrian waiting to cross” in
class 4, and “working in roadway” in class 6. Differences of impacts of
pedestrians in roadway involved in crashes between class 4 and 6 can
be obviously seen, especially for the negative effects on increasing risks
of fatal injury (marginal effects +0.0127 for class 4 and +0.0802 for
class 6).



Y. Li and W.D. Fan

Accident Analysis and Prevention 131 (2019) 284-296

Table 3e
PPO Model for Class 5 in Pedestrian-Vehicle Crashes.
Class 5 Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E.
Variable All Level K¢ AC B"
Intercept —5.2185%" 0.7243 -3.3551"% 0.4764 -—1.12397*" 0.4204
Pedestrian characteristics
Age (in years, base: = 55) 25 - 54 —0.7282% 0.3316 —0.8181*"" 0.2096 —0.1554 0.0959
Traffic control
Control type (base: Traffic Signal) Traffic Sign —-0.378""  0.1238
Environmental factors
Weather (base: Other) Clear 1.5541*+ 0.6005 0.532* 0.2512 0.2343% 0.1115
Vehicle characteristics
Vehicle type (base: Light Truck (Mini-Van, Panel) Car —1.3461%*" 0.3881 -0.6454"* 0.2049 -—0.1729 0.0971
Heavy Vehicle 2.0772*+* 0.4515 2.0423"* 0.3598 0.9688" * 0.3441
Roadway characteristics
Road class type (base: US Route) Local Street —0.4132%"  0.1604
Public Vehicular ~ —0.9787%* 0.3709
Area
Road type (base: Two-Way, Not Divided) Two-Way, 0.3891+ 7 0.0996
Divided
Crash characteristics
Crash group (Pedestrian behavior associated with Motorist ~ Pedestrian 1.0200" * 0.3804
maneuver, base: Pedestrian Walking Along Roadway) Crossing
Dash / Dart-Out ~ 1.4353"* 0.4261

No. of observations, 1918.

-2 X Log-likelihood at convergence, 3257.291.

-2 X Log-likelihood (constant only), 3396.861.

*Level of significance > 95%. * *Level of significance > 99%.
> B - Non-incapacitating (evident) Injury.
¢ A - Incapacitating Injury.
d K - Fatal Injury.

5.3.4. Time of day and weather

For the weather variable group, various impacts show the hetero-
geneities between classes across severity levels, and cloudy and rain
only show significances on class 4 and 6, respectively. Clear weather
condition has impacts on class 4 and 5. For crashes happening during
midnight (i.e.,12:00am to 4:00am), there are higher risks for fatal in-
jury for pedestrians in class 2 (marginal effects +0.0924). Similar trend
can be seen for early morning time (4:00am to 8:00am) in class 2
(marginal effects +0.1866). No statistical relationships are observed
with variables in crash time group to class 3-5, which confirm the
heterogeneities in the data.

5.3.5. Roadway characteristics

Straight roadway shows positive impacts on mitigating the injury
severity for pedestrians in class 1, and no other relationships are found
for other classes. Freeways involved in crashes will heavily increase the
chance of being severely injured for class 1 (marginal effects +0.1044
for capacitating injury and +0.2344 for fatal injury) and class 2
(marginal effects +0.2179 for fatal injury). Local streets show almost
positive mitigations of the injury severity for pedestrians, especially for
fatal injury of pedestrians in class 6. The significances of “North
Carolina state route” and “North Carolina secondary state route” only
exhibit on pedestrians in class 4, and the latter one greatly increases the
chances of pedestrians suffering from severe injuries (marginal effects
+0.2498 for capacitating injury and +0.1711 for fatal injury). Public
vehicle areas involved in crashes seem to decrease the probability of
being severely injured for pedestrians in only class 5 and 6. Except for
class 3, there are no statistical relationships between crash injury se-
verity and private road/driveway. Two-way divided roadway will
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highly increase the chance for pedestrians being killed in class 2
(marginal effects +0.0994).

5.3.6. Other factors

According to Tables 4a and 4b, one can see that crashes occurred on
urban roadways could decrease the probability of severe injuries in only
class 3. The reason could come from differences of the speed and speed
limit between urban and rural areas. Drivers usually drive slower on
urban roadways than on rural roadways due to the traffic conditions.
Mueller et al. (1988) also pointed out that pedestrian crashes in rural
areas are generally located further from quality emergency care and
delays in emergency services would be a key factor. Crashes happening
in industrial areas have higher chance to be severely injured for class 4
(marginal effects +0.2775 for capacitating injury and +0.2349 for
fatal injury). “No Control Present” could increase the probabilities of
being seriously injured for pedestrians in crashes, only for pedestrians
in class 6 (marginal effects +0.0336), which matches the fact and logic.
On contrast, “Traffic Sign” could mitigate the injury severity, but only
shows its significance for class 5.

Compared to the authors’ previous work (Li and Fan, 2018), and
additionally the variances of the estimations and marginal effects be-
tween classes and across the injury severity level do confirm the as-
sumption that performing traffic crash analysis of a large heterogeneous
data set can obscure significant relations, which is also found by other
researchers as mentioned in the literature review section. Thus, some
variables are significant only within specific classes, which can provide
additional and more insightful information, leading to more accurate
and instructive analyses of the contributing factors for further im-
proving the safety of pedestrians.
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Table 3f
PPO Model for Class 6 in Pedestrian-Vehicle Crashes.
Class 6 Coef. S.E. Coef. S.E. Coef. S.E. Coef. S.E.
Variable All Level K¢ AC B"
Intercept -1.5763%*" 0.2224 -0.8689"* 0.2173 0.7859*"* 0.2164
Motorist characteristics
Has been drinking (vs. no) Yes 0.2794** 0.0821
Hit and run (vs. no) Yes 0.6002* 0.2895 0.997** 0.2318 0.4998 0.2601
Pedestrian characteristics
Age (in years, base: = 55) < 25 —1.2280%* 0.1835 -1.0382** 0.1450 —0.5294"* 0.1357
25 - 54 —0.5470"  0.1089
Gender (base: female) Male 0.2041* 0.0843
Time
Time (base: 8:01 PM - 12:00) 12:01 AM - 4:00 0.3973*% 0.1123
AM
4:01 AM - 8:00 0.4517** 0.1357
AM
Traffic control
Control type (base: Traffic Signal) No Control 0.3111*"* 0.0856
Present
Land development
Land use (base: Residential) Commercial 0.2189"* 0.0834
Environmental factors
Weather (base: Other) Rain -0.2690" 0.1112
Vehicle characteristics
Vehicle type (base: Light Truck (Mini-Van, Panel) Car —0.5941**% 0.1220 -0.3243"* 0.0975 -—0.0473 0.0955
Heavy Vehicle 0.8916™ 0.3955
Public (Police, —1.485% 0.743
etc.)
Roadway characteristics
Road class type (base: US Route) Local Street —0.7380"* 0.1083
Public Vehicular —1.3580"*" 0.3954
Area
Road type (base: Two-Way, Not Divided) One-Way —0.4740" 0.2393
Crash characteristics
Crash group (Pedestrian behavior associated with Motorist Pedestrian 0.6157+ " 0.1267
maneuver, base: Pedestrian Walking Along Roadway)  Crossing
Pedestrian in 0.6779*+* 0.1564
Roadway
Working in —1.0840"  0.4810
Roadway
Dash / Dart-Out 0.6223" * 0.1536

No. of observations, 2416.

-2 X Log-likelihood at convergence, 5827.473.

-2 X Log-likelihood (constant only), 6143.813.

*Level of significance > 95%. * *Level of significance > 99%.
> B - Non-incapacitating (evident) Injury.
¢ A - Incapacitating Injury.
4 K - Fatal Injury.

6. Summary and conclusions

This research aims at exploring the differences of the factors con-
tributing to pedestrian injury severities between different latent classes
in pedestrian-vehicle crashes. Five separate PPO models and one or-
dered logit model are developed using the police reported pedestrian
crash data collected from 2007 to 2014 in North Carolina. The result
shows that instead of developing a single discrete choice model using
all data, latent class segmented sub-models are more effective and
useful in identifying the targeted contributing factors for populations,
which is in agreement with the work of Yau (2004); Depaire et al.
(2008) and Sun et al. (2019). A variety of motorist, pedestrian, en-
vironmental, and roadway characteristics are inspected to identify the
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contributing factors for each latent class. Marginal effects of variables
in all models are also computed and used to illustrate the effects of key
factors that significantly influence the injury severity levels in pedes-
trian-vehicle crashes in North Carolina. Differences between six classes
do exist when looking into the interpretations which clearly confirm the
superiority of developing models considering potential latent variables.

Back to the results of the marginal effects, though heterogeneities
exist, several general major factors contributing to severe crashes are
found, such as the heavy vehicle involved. Thus, such vehicle types’
relevant flows or movements may need to be restricted at locations
(also time periods) with high pedestrian activities. In the meantime,
proper trainings for raising awareness among drivers of heavy vehicles
could be helpful. On the other hand, installing warning signs as alerts
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Table 4a
PPO Average Marginal Effects of Explanatory Variables (Class 1-3).
Variables Class 1 Class

2

Class 3

Crash injury severity

Crash injury severity

Crash injury severity

c/0" B" AC K! c/0° B AC K! c/0° B AC K¢
Alcohol involved (vs. no) -0.0614 —0.0097 0.0097 0.0614 -0.1394 0.1077 0.0249 0.0069
Pedestrian age (base = 55)
Young (< 25) 0.0699 0.0756 0.0095 —0.1550 0.0526 —0.0426 —0.0078 —0.0021
Mid (25-54) 0.0783 -0.0221 —-0.0266 —0.0295 0.0926 0.0149 -0.0129 —0.0946 0.1171 -0.0954 —-0.0172 —0.0046
Vehicle type (base: Light Truck (Mini-Van, Panel))
Heavy vehicle —0.1056 —0.2252 —0.0093  0.3400 —0.2307 0.1692 0.0478 0.0137 —0.2307 0.1692 0.0478 0.0137
Crash group (Pedestrian behavior associated with Motorist maneuver, base: Pedestrian Walking Along Roadway)
Midblock —0.1438 0.0059 0.0579 0.0800
Pedestrian Crossing —0.1526  0.0192 0.0572 0.0762 -0.1637 —0.1229 0.0933 0.1933 0.1518 -0.1278 —0.0191 —0.0049
Pedestrian in Roadway -0.1074 -0.1110 0.0330 0.1854
Back vehicle 0.0688 —0.0559 —0.0102 —0.0027
Dash/dart-Out —0.1892 0.0111 0.0745 0.1037 -0.1560 —0.0695 0.0097 0.2157
Time (base: 8:01 PM - 12:00)
12:01 AM - 4:00 AM —0.0824 —0.0210 0.0110 0.0924
4:01 AM - 8:00 AM —0.1010 0.0131 0.0389 0.0490 —0.1418 —0.0573 0.0125 0.1866
Road class (base: US Route)
Freeway —0.2459 —0.0930 0.1044 0.2344 —0.1513 —0.0753 0.0086 0.2179
Private Road, Driveway —-0.1979 0.1514 0.0365 0.0099
Straight road (vs. curved)  0.1420 —0.0085 —0.0573 —0.0762
Roadway type (base: Two-Way, Not Divided)
Two-way, divided —-0.0872 —0.0240 0.0117 0.0994
Urban roadway (vs. rural) 0.0910 —0.0727 —0.0144 —0.0038
Land development (base: Residential)
Commercial 0.1219 —0.0980 —0.0190 —0.0050
Farms, Woods, Pastures —0.0651 0.0143 0.0234 0.0274
Institutional 0.1790 —0.0746 —0.0518 —0.0527 0.1162 —0.0967 —0.0155 —0.0040
Hit and run (vs. no) —0.1907 —0.0291 0.0818 0.1380 —0.0476 —0.2084 0.1058 0.1501

C/0 - No/Possible injury.

B - Non-incapacitating (evident) Injury.
A - Incapacitating Injury.

K - Fatal Injury.

a
b
c

d

for pedestrians with heavy vehicle flows are essential. Similar sugges-
tions can also be found in (Aziz et al., 2013). In accordance with (Sun
et al., 2019), pedestrian behaviour is another crucial issue, particularly
crossing and dash/dart-out that show great increments of the risk being
fatally injured. It should also be noted that the compared to older pe-
destrians (> 55), other pedestrian age groups seem less likely to be
severely injured in crashes. Despite these general factors, some vari-
ables are significant only within specific classes, which provides addi-
tional and more insightful information and leads to more accurate and
instructive analyses of the contributing factors in order to further im-
prove the safety of pedestrians.

Overall, this study shows the necessity of identifying targeted con-
tributing factors for pedestrian safety improvements, by conducting
latent class clustering analysis for segmenting the large heterogenous
dataset. In the meantime, it is well noted that there are several lim-
itations of the current approaches and in that regard, some future re-
search efforts are still needed. The data used in this study range from
2007 to 2014, and it is well understood that temporal instability may
exist due to the global recession (Behnood and Mannering, 2016;
Mannering, 2018). Thus, the latent class clustering analysis may be
picking up temporal homogeneities in nature, which could have impact
on the accuracy of the model and therefore may also affect the
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conclusions derived from the model results. According to (Mannering,
2018), temporal instability can affect different modelling approaches in
different ways. Therefore, such issue needs more cautions when inter-
preting the results and also requires advanced models with the cap-
ability of handling temporal heterogeneity in future research studies.

It should be noted that this study applies the latent class clustering
and models separately and sequentially. According to the studies of
(Xiong and Mannering, 2013; Yasmin et al., 2014a,b), though the se-
quential procedure is much easier to estimate, there is a possibility to
deploy a more efficient approach to modelling the latent classes and the
injury severities simultaneously, which is certainly worth exploring in
the future. In the meantime, instead of applying the fixed effect PPO
model, either the mixed effect generalized ordered model or mixed
effect PPO model (Eluru and Yasmin, 2015) could be further utilized
and integrated in the latent class analysis to capture the unobserved
heterogeneity. Last, the latent variables identified by LCC in this study
can be treated as single level variables for partitioning the whole da-
taset, where the correlations between each variable are not obvious.
More elaborate and multidimensional data clustering techniques, such
as latent tree analysis (Liu et al., 2014; Zhang and Poon, 2017) could be
developed for crash data analysis in the future.
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Table 4b

PPO Average Marginal Effects of Explanatory Variables (Class 4-6).
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Variables Class 4

Class 5

Class 6

Crash injury severity

Crash injury severity

Crash injury severity

c/o° B A° K¢ c/0* B" A° K! c/o" B A° K¢

Alcohol involved (vs. no) —0.0549 0.0031 0.0197 0.0320
Male driver (vs. female) —0.0466 0.0330 0.0100 0.0035
Pedestrian age (base = 55)
Young (< 25) 0.1888 —0.1229 -0.0481 -0.0178 0.1083 0.0629 —0.0562 —0.1149
Mid (25-54) 0.1861 —0.1359 -0.0369 -—0.0132 0.0358 0.0066 —0.0283 —0.0141 0.1064 —0.0061 -0.0364 —0.0639
Male pedestrian (vs. female) —0.0409 0.0044 0.0143 0.0222
Vehicle type (base: Light Truck (Mini-Van, Panel)
Car 0.0400 —0.0044 -0.0104 —0.0252 0.0094 0.0509 0.0096 —0.0699
Heavy vehicle —0.2295 -—0.0058 0.1343 0.1010 —0.1464 —0.0386 0.0559 0.1291
Sport utility —0.0766 0.0519 0.0181 0.0065
Public (Police, etc.) 0.3304 —0.1410 -0.0861 —0.1032
Crash group (Pedestrian behavior associated with Motorist maneuver, base: Pedestrian Walking Along Roadway)
Midblock —0.1569 0.0941 0.0455 0.0174
Pedestrian Crossing —0.1950 0.1594 0.0285 0.0071 —0.2016 0.1602 0.0261 0.0154 —0.1243 0.0157 0.0420 0.0665
Pedestrian in Roadway —0.1252 0.0787 0.0339 0.0127 —0.1209 -0.0131 0.0450 0.0890
Working in Roadway 0.2411 —0.0870 —0.0681 —0.0860
Dash/dart-Out —0.2888 0.2374 0.0397 0.0117 —0.3276 0.1969 0.0782 0.0525 —0.1127 —0.0086 0.0411 0.0802
Pedestrian Waiting to Cross —0.4307 -—0.1695 0.2868 0.3133
Weather (base: Other)
Clear —0.1226 0.0909 0.0235 0.0082 —0.0535 0.0275 0.0048 0.0211
Cloudy —0.1248 0.0801 0.0326 0.0121
Rain 0.0551 —0.0080 -—0.0187 -—0.0284
Time (base: 8:01 PM - 12:00)
12:01 AM - 4:00 AM —0.0747 —0.0015 0.0275 0.0487
4:01 AM - 8:00 AM —0.0834 —0.0045 0.0310 0.0568
Road class (base: US Route)
Local Street —0.1426 0.1090 0.0250 0.0086 0.0976 —0.0719 -0.0160 —0.0096 0.1326 0.0154 —0.0516 —0.0964
North Carolina state route —0.1895 0.1048 0.0607 0.0240
Public Vehicular Area 01960  —0.1587 —0.0237 —0.0136 0.3020  —0.1219 —0.0810 —0.0991
North Carolina secondary state route —0.3962 —0.0247 0.2498 0.1711
Roadway type (base: Two-Way, Not Divided)
One-way 0.1004 —0.0218 -0.0324 —0.0462
Two-way, divided —0.1116 0.0744 0.0273 0.0099 —0.0915 0.0692 0.0140 0.0083
Traffic control (base: Traffic Signal)
No Control Present —0.0630 0.0077 0.0218 0.0336
Traffic Sign 0.0853 —0.0665 —0.0119 -0.0069
Urban roadway (vs. rural) 0.0963 —0.0705 -0.0161 —0.0097
Land development (base: Residential)
Commercial —0.0439 0.0043 0.0155 0.0242
Industrial —0.4160 —0.0963 0.2775 0.2349
Hit and run (vs. no) —0.0904 -0.1171 0.1278 0.0797
2 C/0 - No/Possible injury.
> B - Non-incapacitating (evident) Injury.
¢ A - Incapacitating Injury.
4 K - Fatal Injury.
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