Journal of Road Safety — Volume 32, Issue 4, 2021

Investigation of Contributing Factors to Traffic Crash Severity
in Southeast Texas Using Multiple Correspondence Analysis

Guanlong Li'f, Yueqing Li!, Yalong Li*?, Brian Craig®and Xing Wu*

! Department of Industrial and Systems Engineering, Lamar University, Beaumont, Texas, U.S., 77710, gli@lamar.edu,
yli6@lamar.edu

2 H. Milton Stewart School of Industrial and Systems Engineering, Georgia Institute of Technology, Atlanta, Georgia, U.S.,
30332, yli3397@gatech.edu

? College of Engineering, Lamar University, Beaumont, Texas, U.S., 77710, brian.craig@lamar.edu

* Department of Civil and Environmental Engineering, Lamar University, Beaumont, Texas, U.S., 77710, xwul @lamar.edu
7 These authors contributed equally to this work.

Corresponding author: Dr. Yueqing Li; 4400 MLK Blvd., PO Box 10009, Beaumont, Texas 77710; yli6@lamar.edu; +1
(409) 880-8804

Key Findings

. Contributing factors like weather condition, lighting condition, crash time, speed limit, road class, surface condition
and driving risk factors are significantly associated with crash severity.

. Multiple correspondence analysis (MCA) has been successfully applied to detect patterns and identify groups of
contributing factors and combinatorial influence on the severity of traffic crashes.

. Driving in adverse climate conditions such as rain and extreme weather on the wet road surface is susceptible to
traffic crashes with severe injuries or even fatality.

. Driving in the dark during non-rush time is more likely to cause serious traffic accidents even with the presence of
street lights.

. Young male drivers are more prone to experience severe traffic crashes when driving used vehicles in high speed
under the influence of drug use and driving mistakes.

Abstract

Driving is the essential means of travel in Southeast Texas, a highly urbanized and populous area that serves as an
economic powerhouse of the whole state. However, driving in Southeast Texas is subject to many risks as this region
features a typical humid subtropical climate with long hot summers and short mild winters. Local drivers would encounter
intense precipitation, heavy fog, strong sunlight, standing water, slick road surface, and even frequent extreme weather
such as tropical storms, hurricanes and flood during their year-around travels. Meanwhile, research has revealed that

the fatality rate per 100 million vehicle miles driven in urban Texas became considerably higher than national average
since 2010, and no conclusive study has elucidated the association between Southeast Texas crash severity and potential
contributing factors. This study used multiple correspondence analysis (MCA) to examine a group of contributing factors
on how their combinatorial influences determine crash severity by creating combination clouds on a factor map. Results
revealed numerous significant combinatorial effects. For example, driving in rain and extreme weather on a wet road
surface has a higher chance in causing crashes that incur severe or deadly injuries. Besides, other contributing factors
involving risky behavioral factors, road designs, and vehicle factors were well discussed. The research outcomes could
inspire local traffic administration to take more effective countermeasures to systematically mitigate road crash severity.
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Introduction

Traffic crash is widely considered as one of the leading
causes of accidental human death around the world. World
Health Organization (WHO) (WHO, 2018) estimates that
more than 1.35 million people lose their lives every year
as a result of traffic crash, and 20-50 million more victims
suffer a variety of traffic crash-related injuries. Without
effective countermeasures, traffic crash is anticipated to
become the seventh leading cause of human death by 2030
(WHO, 2017). Within the year of 2018, 22,697 passenger
vehicle occupants died, and an estimated 2.43 million
people were injured from motor vehicle crashes on US
roads (National Center for Statistics and Analysis, 2020).
Apart from life losses and health damages, road crashes
cost the U.S. $230.6 billion annually, or an average of $820
per person every year (Association of Safe International
Road Travel, 2019).

Southeast Texas geographically covers Greater Houston,
and Beaumont-Port Arthur metropolitan areas. The
economy of Southeast Texas is composed primarily by
industries relating to energy, petrochemicals, fishing,
aerospace, agriculture, and tourism. Particularly, with a
population of 7,066,141 residents by July 2019 and Gross
Domestic Product (GDP) at 478.8 billion in 2018, Houston-
The Woodlands-Sugar Land Metropolitan Statistical Area
(MSA) makes it one of the largest and most economically
vibrant metropolitans in the US (Greater Houston
Partnership, 2020).

The general climate of Southeast Texas is subtropical,
warm, moisture with heavy precipitation. Yearly, winds
from the Gulf of Mexico mitigate the heat of summer and
the cold of winter (Ning & Abdollahi, 2003). Southeast
Texas averages more than 55 inches of rain annually and
in some parts, rainfall may exceed 60 inches (Lyons,
1990). The two prominent precipitation peaks in Southeast
Texas occur in between May and June and during
September (Nielson-Gammon, 2011). Extreme weather
such as tropical storms and hurricanes pass through the
region periodically in summer and fall and would bring
destructive gales, storm surges, tornados and floods on
local communities (Beaman, 2019). Historically, disastrous
hurricanes wreaked havoc on Southeast Texas, among
which Galveston Hurricane in 1900 and Hurricane Harvey
in 2017 are the most devastating.

Literature Review

Rainfall’s effect on vehicle crash has been a global research
focus for decades. Previous studies claimed a greater risk
of road crash in the presence of rain (Andrey, Mills, Leahy,
& Suggett, 2003; Qiu & Nixon, 2008). From a macroscopic
view, a statistically significant linear trend exists between
the number of traffic crashes and the amount of rainfall
(Sherretz & Farhar, 1978). From a microscopic view
examining the rainfall’s impact on driving performance,
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people found that drivers in heavy rainfall were 3.8 times
more likely to show a higher standard deviation of lane
position than in clear weather (Ghasemzadeh & Ahmed,
2017). Further when investigating the crash severity,
researchers found that heavy rain, deep water, and roads
with a long drainage length are more likely to be associated
with aggravated accident severity (Lee, Chae, Yoon, &
Yang, 2018). Specifically, rain and warmer air temperatures
were discovered to be linked to more serious crash injuries
in single-vehicle truck crashes (Naik, Tung, Zhao, &
Khattak, 2016). Nonetheless, recent study showed that wet
weather, along with other factors such as male and young
age tends to decrease driver injury seriousness (Li et al.,
2019).

Fog is prevalent in humid regions, and it has a significant
impact on driving behavior and the overall traffic safety. It
was found that compared to clear day crashes, fog-related
crashes tend to result in more severe injuries and involve
more vehicles (Abdel-Aty, Ekram, Huang, & Choi, 2011).
Foggy weather contributes to a higher odds of vehicle
collisions as it deteriorates driver’s vision range to less
than 100 m (Tu, Li, Sun, & Dai, 2014). Poor visibility
significantly increases driver’s reaction time, cognitive
and physiological demand, thereby impairing their

skills to quickly respond to critical traffic events (Harb,
Radwan, & Yan, 2007; Harb, Radwan, Yan, & Abdel-Aty,
2007). Moreover, even speed reductions are commonly
implemented during fog condition by drivers, it was found
to be insufficient to compensate for the crash risk (Brooks
et al., 2011; Mueller & Trick, 2012).

Lighting condition invokes a controversy within academia
as to how it affects driving safety. On one side, night
driving is subject to many risks such as impaired vision,
fatigue and inattention (Keall, Frith, & Patterson, 2004;
Clarke, Ward, Bartle, & Truman, 2006). A Hong Kong
study found that speeding was more likely to happen

at night without road lighting, and driving in daylight
featured the lowest likelihood of severe crash (Zhang, Yau,
& Chen, 2013). Besides, poor illumination aggravates crash
damage as some scholars found the ratio of fatal crashes
per 100 collisions spiked on roads without street lighting
(Plainis, Murray, & Palllikaris, 2006). On the other hand, a
study from Mexico did find that drivers face greater risk of
highway traffic crash in daytime compared to in nighttime.
(Hijar, Carrillo, Flores, Anaya, & Lopez, 2000).

Human factor is another area of interest in traffic safety
research. A great amount of research has investigated the
association between crash risk and gender. Generally, male
drivers have been found more likely to experience traffic
crashes than female drivers (Holubowycz & Kloeden,
1994; Hayakawa, Fischloff, & Fischbeck, 2000). Besides,
numerous studies have examined the effect of age on
traffic crash rate and seriousness, and found that novice
(young) drivers are at greater risk of traffic crash (Massie,
Campbell, & Williams, 1995; Hijar et al., 2000).


https://en.wikipedia.org/wiki/Greater_Houston
https://en.wikipedia.org/wiki/Beaumont-Port_Arthur_metropolitan_area

As for road design, research has demonstrated that
geometric design of road, traffic sign design and position
have significant impacts on drivers’ behavior under

both normal and emergency conditions (Jamson, Tate,

& Jamson, 2005; Wang & Song, 2011; Hang, Yan, Ma,
Duan, & Zhang, 2018). It was also discovered that vehicle
characteristics such as size, weight, and safety devices
impose great impact on the consequence of traffic crashes
(Evans & Frick, 1992; Huang, Siddiqui, & Abdel-Aty,
2011).

Research Goal

According to National Highway Traffic Safety
Administration (NHTSA) national statistics, traffic fatality
rate per 100 million vehicle miles traveled (VMT) in
Texas has a higher rate than national average since 2010
(NHTSA, 2021). In 2017 alone, 3,726 people perished,

and 17,538 people sustained a serious injury from motor
vehicle traffic crashes on Texas roads (Texas Department
of Transportation, 2018). Although the Crash Records
Information System (CRIS) created by Texas Department
of Transportation (TxDOT) stores exhaustive records

of crashes on Texas roads since 2010, little research has
utilized such database to conduct systematic traffic safety
research. This study aims to identify contributing factors
to the severity of traffic crashes in Southeast Texas by
analyzing CRIS data. The implications of this study
would assist traffic administrators in understanding the
combinatorial effects of contributing factors on crash
severity, thus inspire them to propose effective approaches
to mitigate these risks facing local drivers.

Methods
Data Treatment

First, traffic crash data from 2010-2017 in Southeast Texas
was retrieved from the TxDOT’s CRIS by selecting areas:
Houston-Galveston Area Council (HGAC) + Southeast
Texas Regional Planning Commission (SETRPC). Then,
data cleansing was conducted to remove those records with
invalid or insufficient description on contributing factors.
As aresult, 46,063 records of crashes were retained for
further analysis.

Contributing Factors

This study attempts to investigate twelve contributing
factors to crash severity from four aspects including 1.
Environment factor: weather condition, lighting condition,
crash time, day of week and surface condition; 2. Road
design factor: speed limit of road, road class; 3. Human
factor: driver age, driver gender, risk factor; 4. Vehicle
factor: vehicle age and vehicle body style, as shown in
Table 1.
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Table 1 Contributing factors

. Weather condition, Lighting condition,
Environment .
Crash time, Day of week, Surface
factor "
Condition
Road design Speed limit of road, Road class
factor
Human fac- . . .
tor Driver age, Driver gender, Risk factor
Vehicle factor | Vehicle age, Vehicle body style

All the variables within the contributing factors are
transformed into categorical variables for the sake of
following statistical analysis.

*  Weather conditions are divided into five categories:
Clear, Rain, Fog, Cloudy, and Extreme. Severe
crosswinds, snow, sleet/hail, blowing sand are included
within extreme weather group due to their infrequent
occurrence in Southeast Texas.

+ Light conditions are divided into five categories:
Daylight, Dawn, Dusk, Dark Lighted, Dark Not
Lighted.

* Crash time: twenty-four hours are sorted into four
periods: Morning rush, Afternoon rush, Non rush
daytime, Non rush nighttime.

+ Day of week: days from Monday to Friday are grouped
as Weekday while Saturday and Sunday are combined
as Weekend.

+ Surface conditions are categorized into two groups:
Dry and Wet.

* Speed limits fall into three groups: Low speed limit
(0-30 miles/hour), Medium speed limit (30-50 miles/
hour), and High speed limit (50-80 miles/hour).

* Road Class is divided into three categories: Farm to
Market, US & State Highways, Interstate.

* Driver age has four categories: 16-30, 31-45, 46-60,
60+

* Driver gender is divided as Male and Female.

+ Risk factors include fourteen groups, according to
CRIS, Texas DoT. They are: 1. Cellphone Use 2.
Distraction 3. Driver Inattention 4. Driving Errors
5. Drug Driving 6. Drunk Driving 7. Emergency 8.
Failure in driving 9. Fatigue 10. Inability 11. Invalid
Driver 12. Risky Driving 13. Taking Medication 14.
Unsafe vehicle Condition.

* Vehicle body style contains five categories: Big Vehicle,
Motorcycle, Pickup, Sedan and SUV.

* Vehicle age is divided as New, Used, Old.

Definitions of the relevant terms are provided in an
appendix at the end of this research article.
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Chi-squared Test

Firstly, an approach of nonparametric statistical analysis
called chi-squared test for independence is performed
to examine whether there exists statistically significant
association between multiple contributing factors and
the seriousness of crash injury in 3 levels: minor injury,
severe injury and fatality. For each contributing factor,
the Pearson statistic is calculated by summing up the
variabilities between the actual observed frequency (O)
in different crash severities and expected frequency (E)
corresponding to that type of severity at a given categorical
level of contributing factor, shown as Equation (1):

_m2
32 =Z(OEE)

(1

The summary of chi-squared test results with significance
level set to 5% is presented in Table 2.

Table 2. Chi-squared test examining associations
between contributing factors and crash severity

o Crash Severity

Contributing
Factor

* DOF P-value
Crash time 950.25 6 <0.001
Day of week 209.09 2 <0.001
Light Condition 927.11 8 <0.001
Road Class 73.559 4 <0.001
Speed Limit 278.13 4 <0.001
Surface
Condition 38.143 2 <0.001
Weather
Condition 61.032 8 <0.001
Vehicle Body 92435 8 <0.001
Style
Vehicle Age 39.765 4 <0.001
Driver Age 11.236 6 0.08136
Driver Gender 246.23 2 <0.001
Risk Factor 961.79 26 <0.001

Note: * Significant at 5% level.
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Multiple Correspondence Analysis (MCA)

In addition to the chi-squared test for examining the
associations between each contributing factor and the
levels of crash severity from a quantitative perspective,

we propose the use of multiple correspondence analysis
(MCA) as a type of geometric data analysis technique

(Le Roux & Rouanet, 2004) to implement unsupervised
(machine) learning for clustering and identifying traffic
contributing factors with similar frequency of coincidence
from the large, complex multivariate dataset of crash
records. Graphical illustrations of these clusters in the form
of “combination clouds” (Das & Sun, 2015). are developed
on the dimensionality-reduced factor map, allowing us to
recognize the distribution pattern of variable groupings on
a lucid 2-dimensional space and study the combinatorial
effects of clustered variable categories on the crash
severity. Other advantage from utilizing MCA approach
involves that it does not require any pre-assumption of
underlying relationships between responses and predictor
variables before the analysis of data (Das & Sun, 2016).

In this research, the application of MCA primarily

focuses on the clustering and identification of significant
contributing factors responsible for traffic crashes where
drivers get severely injuried or even killed. Therefore,

only traffic crash records with crash severity specified as
“Severe Injury” and “Killed” are considered in the MCA
study, consequently the total number of selected crash
records reduces to 11,650. Table 3 enlists a summary of

all the categorical variables in contributing factors that
participate in the MCA with corresponding levels of
category, frequency and percentage specified, the statistical
significance of involved factors has been examined in the
Chi-squared tests. To implement the MCA computation,

an open source statistical software R Version 4.0.2 is used
with the aid of FactoMineR package for data analysis and
factoextra package for data visualization (Husson & Paggs,
2011).

Historically developed in Benzécri’s treatise on data
analysis in 1973 (Benzécri, 1973; Beaudouin, 2016),
multiple correspondence analysis is regarded as an
extension of the simple correspondence analysis (CA)
which allows the user to analyze the pattern of
relationships between multiple dependent nominal
variables with a large amount of data. It can be also

seen as analogous to principal component analysis
(PCA) where the variables to be analyzed are categorical
instead of quantitative (Abdi & Valentin, 2007; Abdi &
Williams, 2010). Similar as PCA, MCA also employs

a dimension-reducing technique to extract the most
important information from a given data set and produces
a low-dimensional representation of the data while
containing maximum variation (Abdi & Valentin, 2007,
James, Witten, Hastie, & Tibshirani, 2013). For years,
Bourdieu (Lebaron, 2009; Duval, 2018) has contributed
significantly to the popularization of CA and MCA



Table 3. Summary of contributing factors
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Categorical Category Percentage Categorical Category Percentage
Variables Level Frequency (%) Variables Level Frequency (%)
16-30 5514 47.33 High Speed 6283 53.93]
Limit ’
31-45 3117 26.755 .
Driver Age Speed | Medium Speed 13 0.112
46-60 1998 17.15 Limit Limit
Low Speed
60+ 1021 8.764 Limﬁt 5354 45.957
Driver Female 4007 34.395 Surface Dry 10266 88.12
Gender Male 7643 65.605 Condition Wet 1384 11.88
New 6476 55.588 Big Vehicle 946 8.12
Vehicle Age Used 4811 41.296 Motorcycle 997 8.558
Vehicle .
Old 363 3.116
Body Style Pickup 2696 23.142
Afternoon Rush 1831 15.717 Sedan 4855 41.674
Morning Rush 1285 11.03 SUV 2156 18.506
Crash N
Time Non Rus 4101 35.202 Cellphone Use 21 0.18
Daytime
Distraction 62 0.532
Eionhﬁi‘;sf; 4433 38.052 -
g rver 491 4215
Day of Weekday 7549 64.798 Inattention
Drivin,
Week Weekend 4101 35.202 Mo 535 4592
Dark, Lighted 3043 26.12 Drug Driving 132 1.133
Dark, Not 2137 18.343 Drunk Driving | 835 7.167
Lioht Lighted
1g
Condition Dawn 174 1.494 Emergency 62 0.532
Risk Factor : :
Daylight 6130 52.618 Failure in 6261 53.742
Driving
Dusk 166 1.425 Fatigue 177 1.519
Clear 8513 73.073 Inability 86 0.738
Cloudy 2080 17.854 Invalid Driver 121 1.039
Weather
Condition Extreme 9 0.077 Risky Driving 2837 24.352
Fog 127 1.09 Taklng 5 0.043
. Medication
Rain 921 7.906 -
Unsafe Vehicle 25 0215
Farm to Market 3435 29.485 Condition '
Road Class Interstate 3016 25.888
US & State 5199 44.627
Highways
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applications in French-language scientific communities. In
spite of a certain rarity of MCA-related research published
in English-language publications that promote hypothetico-
deductive approaches (Beaudouin, 2016), multiple
correspondence analysis has recently found extensive
applications in academic fields in social science including
economics (Parchomenko, Nelen, Gillabel, & Rechberger,
2019), education (Costa, Santos, Cunha, Cotter, & Sousa,
2013; Kalayci & Basaran, 2014), psychology (Rodriguez-
Sabate, Morales, Sanchez, & Rodriguez, 2017), public
policy (Esmaelian, Tavana, Di Caprio, & Ansari,2017),
and archaeology, etc. (Macheridis & Magnell, 2020) In
particular, the use of MCA in transportation research
receives increasing attention in recent years: Das and Sun
studied vehicle-pedestrian crashes and fatal run-off-road
crashes by using MCA approach (Das & Sun, 2016). Other
researchers applied the same methodology into various
traffic crash scenarios through different angles of research.
(Factor, Yair, & Mabhalel, 2010; Mitchell, Senserrick,
Bambach, & Mattos, 2015; Jalayer & Zhou, 2016;

Jalayer, Pour-Rouholamin, & Zhou, 2018 ). In addition,
Chauvina expanded the application scope of MCA to
maritime accidents analysis (Chauvin, Lardjane, Morel,
Clostermann, & Langard, 2013). To our knowledge, no
previous study using multiple correspondence analysis has
been performed to recognize the associated contributing
factors in severe traffic crashes from Texas area, where the
regional traffic fatality rate is considerably high compared
with the national average (NHTSA, 2021) and underlying
causes need to be ascertained.

The theoretical foundation of multiple correspondence
analysis (MCA) is intricate and has been well elucidated in
previous publications (Benzécri, 1973; Roux & Rouanet,
2010). The core component in MCA is an indicator

matrix (also called complete disjunctive table) in which
the columns of table refer to the categories of qualitative
variables corresponding to various contributing factors

in crash analysis while the rows represent each individual
crash record (Greenacre, 1993; Greenacre & Blasius,
20006). The point clouds of individuals and categories (Le
Roux & Rouanet, 2004) are built through the calculation
of inter-individual and inter-category distances, distance
of points to the origin and total inertia of point clouds
based on the components in the complete disjunctive table.
The relevant mathematical description is accessible from
the online tutorial of Husson’s textbook and previous
MCA-related publications (Das & Sun, 2015; Das & Sun,
2016); thus, it will not be detailed in this research. Table 4
provides a summary of relevant parameters in the indicator
matrix and equations for creating point cloud of individuals
and categories, respectively.

Results

From Table 2, it is shown that the majority of the selected
contributing factors have large and P-values lower than
0.05, which suggests they are significantly associated
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with the crash severity levels. One exception comes from
the factor of driver age with a P-value larger than the
specified significance level. While this implies the current
classification of driver’s age as “16-30”, “31-45”, “46-60”,
“60+” is not sensitive to the variance in crash severity,
we do find other way of grouping driver’s age with fewer
bins can yield a P-value less than 0.5 and larger . For

the purpose of doing comprehensive cluster analysis on
contributing factors in the following research, the current
categorization of the factor “Driver Age” is preserved for
further discussion.

In Figure 1, a panoramic 2-dimensional MCA factor map is
presented in which a point cloud of all variable categories
and associations among categories can be explicitly
visualized based on the closeness between category points
on the map. The factor plot shows the distribution of
coordinates of all the variable categories on an orthogonal
coordinate system constituted by two principal dimensions:
Diml and Dim2. Like Principal Component Analysis
(PCA), MCA assumes the dimension with largest variance
is perceived as the most principal direction which has the
maximum eigenvalue. Shown in Table 5, the eigenvalue,
percentage of variance of first 10 dimensions are listed

in a descending order with corresponding cumulative
percentage of variance. It is observed that the first two
principal dimensions only account for 10% variation of the
original data. This reveals the heterogeneous and complex
nature of the contributing factors involved in traffic crash
dataset where there are 12 categorical variables and 11,650
individual data points, leading to high level of variability
and uncorrelatedness.

The pattern of the point cloud of category can be interpret-
ed in three aspects: first, the distance between any variable
categories reflects a measure of their correlations, combi-
nation clouds can be created when some variable categories
are relatively close (Das & Sun, 2016). Second, negatively
correlated variable categories are located on the opposite
sides of the origin of the factor plot, i.e., the coordinates of
“Morning Rush” and “Weekend” (see dashed box), alluding
that the occurrence of morning rush is not likely to happen
on the weekend which is line with common sense. Third,
the distance between category points and the origin reflects
the quality of the variable category in a 2-dimensional
orthogonal coordinate. From Figure 1, it is clear to see cat-
egory points of “Daylight”, “Dark, Lighted”, “Dark, Not
Lighted” and “Non Rush Nighttime”, “Non Rush Daytime”
are spreading out over the 1st principal dimension which
indicates the categorical levels in the contributing factors
“Crash Time” and “Light Condition” can be distinctly clas-
sified along the Dim 1. Similarly, the weather condition of
“Rain”, “clear” and surface condition of “Wet”, “Dry” can
be easily characterized by using Dim 2. As a result, these
particular variable categories are better represented among
other categories on the current factor map.
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Table 4. Description of relevant parameters and equations for point clouds of individuals and categories
Parameters Description
Gy Center of gravity of the point cloud of individuals
Gy Center of gravity of the point cloud of categories
Total number of the individuals i
1/1 The weight of an individual
J Total number of the qualitative categorical variables j
K Total number of categories K in all variables
K; The number of categories in the given variable j
N; Total inertia of the point cloud with I individuals
N; Total inertia of the point cloud with ] categorical variables
Og The origin in the space R!, G; = O
Ogs The origin in the space R), G; = Ogy
Pk The proportion of individuals in category k
Vij Category of j-th variable possessed by the i-th individual
Vik = 1 if the i-th individual is in k-th category of the j-th variable (for each py);
= 0 otherwise
Point cloud Distan.ce bt.etween a pair of Distance betvsie?n points Total inertia
points in the cloud and origin
1o 1 1\ K
Individuals | dZ,, = TZ COwmyn)? | ey = i—‘;— 1 | M=g7-1
k=1 k=1
Categories d?kk’) _ Pt P — 2ppie gy = L 1 N, = K_ 1
' P’ Pk J
Vaniable categories - MCA
Rair

i Extreme

Dim 2 (4.62%)

Cellphone Use

Dark, Not Lighted

Mon Rush Daytime *

.
\nvalid Driver Dirunk Driving
nvalid Drive

0.0
Dim 1 {5.40%)

Figure 1. MCA factor map for variable categories
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Table 5. Eigenvalues and percentages of variance of the
first 10 dimensions

Cumulative
. Percentage
Eigenvalue . Percentage
of Variance .

of Variance
Dim 1 0.1801 5.4033 5.4033
Dim 2 0.1541 4.6224 10.0257
Dim 3 0.1223 3.6703 13.6960
Dim 4 0.1141 3.4230 17.1190
Dim 5 0.1065 3.1943 20.3133
Dim 6 0.1029 3.0879 23.4012
Dim 7 0.1003 3.0103 26.4115
Dim 8 0.0959 2.8756 29.2871
Dim 9 0.0933 2.7979 32.0851
Dim 10 0.0907 2.7208 34.8059

The quality of a variable category can be quantified

by its contribution (in %) to the definition of principal
dimensions. The larger the percentage value of a category
to a given dimension, the more it can explain the variability
in the dataset along that dimension. Shown in the Figure
2(a), 2(b), two bar plots demonstrate the most contributed
variable categories to Dim 1 and Dim 2, respectively, only
top 10 categories are displayed in each plot. It is evident
to see contributing factors of “Crash Time” and “Light
Condition” are the dominant categorical variables in the
Ist principal dimension while “Weather Condition” and
“Surface condition” account for the most variances in the
2nd principal dimension.

Discussion

Four combination clouds are created on the factor map
shown collectively in Figure 3. In each cloud, several
points of variable category are clustered together based

on their relative proximity and interestingness. In the
combination cloud 1, three types of variable categories

are grouped into the cloud: “Rain”, “Wet” and “Extreme”,
which indicates the occurrences of traffic crashes leading
to severe injuries and fatality are significantly correlated
with adverse weather conditions like rain and extreme
climate events. The wet and slippery road surface, as the
byproduct of rainy and humid climate is very likely to
cause the serious traffic crashes. These findings accord
with the conclusions drew from previous studies (Sherretz
& Farhar, 1978; Andrey, Mills, Leahy, & Suggett, 2003).
The second combination cloud encompasses variable
categories of “Dark, Not Lighted”, “Dark, Lighted”, “Non
Rush Nighttime” and other categories like “Fatigue”,
“Emergency” and “Drunk Driving”. This combination can
be explained by the fact that driving in complete darkness
during non-rush time at night can be risky to cause severe
or even fatal traffic crashes even in the presence of street
lights. The inclusion of other two risk factors implies that
drunk driving can be dangerous and should be strictly
prohibited by law while driving in an emergency condition
is also prone to severe traffic crashes partly due to the
prevalence of incompetence and inexperience of drivers in
safely handling emergency driving situations.

Combination cloud 3 and 4 are relatively closer to the
origin of the coordinate, implying the included variable
categories are less-represented by the current two principal
dimensions. However, a careful examination of these

two combination clouds still yields some meaningful
information about the potential contributing factors linked
to severe traffic crashes. In combination cloud 3, it is
obvious to see male drivers in their young and early middle
adulthood (ages between 16 to 45), driving used sedans

Contribution of variable categories to Dim-1

Contributions (%)
= h =
: ] :
1
I
|
I
I
i

Figure 2(a). of variable categories to the 1st principal dimension
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Contribution of variable categories to Dim-2
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or pickups on interstate roads in high speed are highly
associated with traffic crashes resulted in serious injuries
and fatality. In addition, risky behavioral factors like
drug driving and driving mistakes are usually concurrent
with the traffic accident scenarios described above, the
underlying association is also confirmed by previous
studies where evidences of link between drug consumption
and motor vehicle crashes with high morbidity were
provided (Sewell, Poling, & Sofuoglu, 2009; Romano &
Voas, 2011). Therefore, stricter drug-related traffic laws
need to be enacted to curb drugged driving among young
drivers in the future. Combination cloud 4 relates some
different variable categories such as “Driver Inattention”,
“Failure in driving”, “Risky Driving”, “Female”,
“Afternoon rush” and “Dusk”, etc. This combination
indicates insufficient attention to driving details and
improper driving habits are likely to cause severe crashes
among female drivers during the afternoon rush hour in
weekdays. Moreover, driving on Farm-to-market road
and State Highways in the rural area where street lights
are usually sparsely distributed in a cloudy weather or at
dusk is more likely to cause higher traffic crash severity
and fatality, this might be due to the insufficient lighting
in the abovementioned scenarios that reduce the drivers’
visibility and perception to the ambient environment.
This analysis is endorsed by other research (Jigerbrand &
Sjobergh, 2016) which confirms the relationship between
road lighting and traffic safety because of light condition’s
impact on visual performance during driving.

In sum, a multivariate statistical method of multiple
correspondence analysis (MCA) has been applied to
identify the associated contributing factors that contribute
to traffic crashes resulting in severe injuries and fatality to
the drivers. The use of combination clouds gives explicit
graphical display of multiple clusters of variable categories,
from which the impact and combinatorial effect of various
factors can be easily interpreted in different traffic crash
scenarios. Despite the achievements from applying MCA
approach in this crash factor analysis, a limitation should
be pointed out that because of the highly uncorrelated
structure of the traffic crash dataset that contains a dozen
of categorical variables and a large volume of individual
crash data points, only 10% of the total variance is retained
by the selected two principal dimensions. This may lead
to an underrepresentation of some contributing factors
based on the current 2-dimensional factor plot. Therefore,
further analysis on the MCA factor map constituted by 3rd
and 4th principal dimensions might be needed to ensure
the significance of other combinations of variables is
examined.

Conclusions

In this study, traffic crash analysis based on the historical
crash data from Southeast Texas area has been performed
to identify the significant contributing factors that affect
the severity of traffic crashes. Pearson’s chi-squared
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test reveals that factors like weather condition, lighting
condition, crash time, speed limit, road class, surface
condition, risk factor have statistically significant
associations with different levels of crash severity.
Moreover, multiple correspondence analysis (MCA)

is implemented to identify groups of contributing

factors and study their combinatorial influence on

severe crash-induced injuries and fatality by creating a
number of combination clouds on the factor map. Based
on the relative closeness of variable categories on the
2-dimensional space, category points from multiple
contributing factors are clustered together and form
combination clouds that provide a collective graphical view
of the potential traffic scenarios in which deadly crash can
take place. Upon the analysis on the elements contained

in these combination clouds, following indications can be
achieved:

* Driving in adverse climate conditions like rain and
extreme weather on the wet road surface has a higher
chance to cause traffic crashes with severe injuries or
even fatality.

* Driving in a complete dark environment during
non-rush time regardless of the presence of street lights
is more likely to induce serious traffic accidents mainly
because of the poor light condition. Behaviors like
drunk driving and driving in emergency condition can
impose more risks on the drivers and result in severely
injured or fatal crashes.

* Male drivers in youth and early middle adulthood
are more prone to traffic crashes ended up in being
seriously injured and killed when they are driving used
vehicles in high speed on the interstate road under the
detrimental effects of drug use and resultant driving
mistakes.

* Risk factors like driving inattention, risky driving
and failure in driving are likely to the cause crashes
with high severity among female drivers during the
afternoon rush in the weekdays.

* Driving on Farm-to-market roads and State Highways
at dusk or in the cloudy weather is subject to traffic
crashes with higher crash severity and fatality, which
can be explained by the insufficiency of ambient light
condition that leads to reduced visibility and shorter
reaction time of drivers to avoid the accident.

In spite of the limitation of MCA application in this
research which might underrepresent the significance

of other clusters of contributing factors due to the
relatively low variance explained by the first two principal
dimensions, the graphical representation of the clustered
factors helpfully shed light on the traffic crashes causing
severe injuries and death, where assorted contributing
factors are playing a combinatorial role in the occurrence
of the crash. Based on the results from this crash analysis
using MCA method, the following improvements are
advised: 1. Remediation of road infrastructure issues



related to surface and light conditions on the roads. 2.
Modification of current traffic codes and enactment
of stricter law to control risky driving behaviors. 3.
Delivering more targeted driving safety education to
drivers of different ages and genders accordingly
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Appendix

Definitions of traffic safety related terms

Term Definition

Driving mistake The term driving mistake is synonym for driving error which can be
classified into four categories according to

1. recognition errors (inadequate surveillance, internal distraction, and
external distraction),

2. decision errors (speeding, illegal maneuver, aggressive driving)
3. performance errors (overcompensation, poor directional control)
4. critical non-performance errors

(fatigue, sleeping, physical impairment) [6,8]

[6] K. Rumar, The basic driving error: late detection, Ergonomics 33
(1990) 1281-1290.

[8] J. Treat, A study of pre-crash factors involved in traffic accidents,
HSRI Res. Rev. 10 (1980) 1-35.

Failure in driving is a general term that encompasses any types of
human error that take place during driving (e.g. fail to control speed,
fail to pass to left safely). Details are listed in https://cris.dot.state.tx.us/
public/Query/app/query-results/list

Failure in driving

In this study emergency refers to any sudden, abnormal circumstance
Emergency that affects safe driving and calls for immediate action to cope with,
e.g. animals crossing the road.

Big vehicle generally refers to any large and heavy vehicles weighing

Big vehicle more than 4.5t, such as truck, bus, fire truck.

In this research, we group the vehicles with ‘Vehicle Age’ from 0 to

9 years as ‘New vehicle’, “Vehicle Age’ means the age of a vehicle
computed by totaling the number of the years in between and including
both the calendar year and the model year.

New vehicle

Used vehicle “Vehicle Age’ from 10 to 19 years as ‘Used vehicle’

“Vehicle Age’ from 20 to 27 (maximum year in the dataset) as ‘Old

Old vehicle vehicle’.

Crash time is divided into 24 groups: 00:00-00:59 as “0”; 01:00-01:59
as “17; 02:00- 02:59 as “2”; 03:00-03:59 as “3”; 04:00-04:59 as “4”;
05:00-05:59 as “5”; 06:00-06:59 as “6”; 07:00-07:59 as “7”; 08:00-
08:59 as “8”; 09:00-09:59 as “9”’; 10:00-10:59 as “10”; 11:00-11:59 as
“117; 12:00-12:59 as “12”; 13:00-13:59 as “13”; 14:00-14:59 as “14”;
15:00-15:59 as “15”; 16:00-16:59 as “16”*; 17:00-17:59 as “17”’; 18:00-
18:59 as “18”; 19:00-19:59 as “19”; 20:00-20:59 as “20 21:00-21:59 as
“217; 22:00-22:59 as “22”; 23:00-23:59 as “23”.

Next, numbers of 6,7,8 are grouped as “Morning Rush”, numbers of
17,18,19 are grouped as “Afternoon Rush”, numbers of 20, 21, 22, 23,
0,1,2,3,4,5 are grouped as “Non Rush Nighttime”, numbers of 9, 10,
11, 12, 13, 14, 15, 16 are “Non rush daytime”

Crash time
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