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Abstract

Understanding crash contributing factors is essential in safety management
and improvement. These factors drive investment decisions, policies, regula-
tions, and other safety-related initiatives. This paper analyzes factors that con-
tribute to crash occurrence based on two national datasets in the United States
(CISS and NASS-CDS) for the years 2017-2022 and 2010-2015, respectively.
Three taxonomies were applied to enhance understanding of the various crash
contributing factors. These taxonomies were developed based on previous re-
search and practice and involved different groupings of human factors, vehicle
factors, and roadway and environmental factors. Statistics for grouping the
different types of factors and statistics for specific factors are provided. The
results indicate that human factors are present in over 95% of crashes, road-
way and environmental factors are present in over 45% of crashes, and vehicle
factors are present in less than 2% of crashes. Regarding factors related to hu-
man error and vehicle maintenance, speeding is involved in over 25% of
crashes, distraction is involved in over 20% of crashes, alcohol and drugs are
involved in over 9% of crashes, and vehicle maintenance is involved in ap-
proximately 0.45% of crashes. Approximately 4.4% of crashes involve a driver
who “looked but did not see.” Weather is involved in over 13% of crashes.
Conclusions: The findings indicate that, consistent with previous research, hu-
man factors or human error are present in around 95% of crashes. Infrastruc-
ture and environmental factors contribute to about 45% of crashes. Vehicle
factors contribute to only 1.67% - 1.71% of crashes. The results from this study
could potentially be used to inform future safety management and improve-
ment activities, including policy-making, regulation development, safe sys-
tems and systemic safety approaches to safety management, and other engi-
neering, education, emergency response, enforcement, evaluation, and en-
couragement activities. The findings could also be used in the development of
future Driver Assistance Technologies (DAT) systems and in enhancing exist-
ing technologies.
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1. Introduction and Literature Review

Traffic safety is a basic measure of effectiveness for transportation systems and is
closely linked to human health and economic development. According to the Cen-
ters for Disease Control and Prevention (CDC), roadway traffic crashes are the
leading cause of death for people aged 1 to 54 in the United States [1]. An esti-
mated 6,756,000 traffic crashes occurred in the United States in 2019, including
33,244 fatal motor vehicle crashes and 36,096 deaths in these crashes [2]. Since
2010, the number of traffic crashes has increased, revealing the need to prevent
traffic crashes. To improve traffic safety and prevent crashes, countermeasures
should be based on a detailed analysis of the contributing factors associated with
crashes.

Crash contributing factor is a term frequently used in traffic safety manage-
ment to refer to an element or condition that potentially influences or contrib-
utes to the occurrence of a crash or the severity of a crash. The term contributing
factor is often confused with the term causal factor. The latter refers to the pri-
mary cause or factor directly responsible for a crash and reveals the root cause
of the crash; the crash would have been avoided if this causal factor had been
mitigated. In contrast, a crash contributing factor may not be the root cause of
a crash but may still influence the sequence of events before, during, and after
the crash (ie, removing the factor may or may not have prevented the crash
from occurring) [3]. In safety management, the identification of a crash casual
factor is valuable for addressing the main issues within transportation system
that led to the crash, yet this is typically impossible to do in practice. Thus, iden-
tification and use of crash contributing factors for use in safety analysis, man-
agement, and other activities can enhance the overall safety of the transportation
system by reducing crash risks associated with those factors through targeted
interventions.

An example of the identification of crash contributing factors is the widely
cited statistics that 94% of vehicle collisions are due to driver-related factors [4]
or that 93% are related to human factors (which broadly includes both human
factors and aberrant driver behaviors) [5]. These statistics are based on the 2005
National Motor Vehicle Crash Causation Survey (NMVCCS), where the “criti-
cal” factor was assigned to the driver if there were any potential driver-related
contributing factors, regardless of other factors [4], or on data collected from a
few counties across the United States in the 1970s [5]. Over time, changes in driv-
ing behaviors (e.g., the rise of distracted driving due to the use of smartphones or

other entertainment devices), improvements in automobile technologies (e.g.,
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advanced driver-assistance systems), and improvements in the roadway network
and driving environment are likely to affect the distribution of crash types and
contributing factors.

By understanding the factors involved in crashes, crash occurrence and crash
severity can be reduced through the implementation of specific measures to target
specific contributing factors. In particular, understanding the relative contribu-
tion of various factors to crashes can assist with the determination of how best to
allocate resources to minimize crash frequency and severity. A detailed analysis of
crash contributing factors would also help in the identification, development, and
evaluation of current and emerging safety countermeasures such as improved ge-
ometric design, improved planning and maintenance of transportation systems,
enhanced training for drivers and engineers, the development of policies and leg-
islation to enhance safety, targeted enforcement activities, and the development
of advanced vehicle technologies.

Numerous studies have evaluated various contributing factors to crashes. Most
of these studies focused on a small number of factors and attempted to link these
factors to crash frequency or crash severity. This paper focuses on factors that
contribute to crash occurrence; therefore, the literature review does not summa-
rize literature specific to crash severity®.

Some previous studies evaluated contributing factors for specific crash types or
infrastructure types (e.g., intersections, different functional classes). For instance,
the Volpe National Transportation Systems Center conducted an analysis using
the National Automotive Sampling System (NASS) General Estimates System
(GES) that examined contributing factors for different crash-imminent scenarios
with a focus on alcohol and drug use, impaired and distracted driving, speeding,
and hit-and-run behaviors [6]. Another study used the NMVCCS to analyze in-
tersection crashes and found that 96% of critical factors contributing to crashes
were related to the driver [7] [8]. Additional studies estimated that driver errors
are involved in 99% of crashes [9] and 94% of crashes [4] [10] [11] and that inat-
tention contributes to more than 40% of crashes [12].

A recent study used data from the Fatality Analysis Reporting System (FARS)
and Highway Safety Information System (HSIS) to stratify the analysis of contrib-
uting factors based on crash type, area type, roadway type, location type, intersec-
tion type, traffic control type, light conditions, road alignment type, and severity
[13]. The factors that were considered focused mainly on the infrastructure but
also accounted for weather and other environmental variables. Given the reliance
on police-reported data and roadway inventory data in crash analysis, the factors

found to be associated with higher crash frequencies included higher traffic vol-

'Factors that directly influence crash severity are factors that change the forces from the crash on the
bodies of the people in the crash [55] [53], factors that influence the body’s of those involved to with-
stand the forces [54], and the timeliness and quality of medical care [55] [56]. This is a fundamental
principle used in developing crash testing programs such as the US New Car Assessment Program
(NCAP) [57]. While factors that influence crash frequency may change the number of different types
of crashes, they may or may not directly influence the severity (after accounting for changes in crash
types, etc.).
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umes, steeper grades, sharper horizontal curves, narrower lanes and shoulders,
unpaved shoulders or the absence of shoulders, the presence of mountainous ter-
rain, higher speed limits, wider crossings at intersections, and the absence of left-
and right-turn channelization at intersections.

Furthermore, since most traffic crashes are related to human factors, detailed
assessments of the impact of driver behaviors on the risk of crash involvement
have been discussed in previous studies. Most previous assessments have been
conducted using self-reported driver behavior data collected through a survey
named the Manchester Driver Behavior Questionnaire (DBQ) and have empha-
sized the need for extensive data collection and analysis to effectively capture the
complexities of driver behaviors [14]-[18]. Reason et al. initially identified the dis-
tinction between errors and violations based on a 50-item version of the DBQ
[15]. Errors were defined as planned actions that failed to achieve their intended
consequences, such as driving behaviors involving a failure of observation, a mis-
judgment, or wrong operation of the vehicle. In the version of the DBQ used in
that study, behaviors like misreading road signs, misjudging oncoming vehicle
speeds, and turning the wrong devices on or off were classified as errors and
lapses. Violations were identified as deliberate deviations from established prac-
tices deemed essential for the safe operation of a vehicle, including behaviors like
speeding and impaired driving due to alcohol and drug use. The main difference
between these two terms is that errors and lapses are unintentional while viola-
tions are deliberate. Errors and lapses are always associated with the information-
processing characteristics of the individual driver. Violations can arise with vari-
ous social and motivational factors, including drivers’ attitudes, beliefs, and ac-

ceptance of social norms.

2. Objective

The purpose of this research was to use multiple detailed datasets from recent
years that include police-reported crash information, crash reconstructions,
hospital data, and interviews with people involved in the collisions documented
in the datasets to evaluate factors that contribute to the occurrence of vehicle-
related crashes. To this end, multiple taxonomies were applied to the data in
order to yield results, including potential interactions, that would enhance un-
derstanding of potential crash contributing factors for use in future crash re-
duction and other safety management efforts, including Vision Zero [19]. This
is similar in concept to research that utilized video and GPS data to evaluate
contributing factors [20], but utilizes existing National-level datasets that in-
clude details unavailable from video or GPS data. It also includes all severity
levels as opposed to focusing on fatal crashes only [21], specific groups of drivers

[22] [23], or specific crash types [24].

3. Data

The traffic crash data used in this research are from two national crash datasets
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collected and maintained by the National Highway Traffic Safety Administration
(NHTSA): the Crash Investigation Sampling System (CISS) and the National Au-
tomotive Sampling System Crashworthiness Data System (NASS-CDS, hereafter
referred to as CDS). The National Automotive Sampling System was established
in the 1970s and was comprised of multiple datasets, including the CDS. The pur-
pose of the CDS dataset after 1988 was to enhance knowledge related to vehicle
crashworthiness by capturing detailed data, including the following [25] [26]:

1) Vehicle crash profiles

2) Restraint system performance

3) Injury mechanisms

Due to changes in the data needs of the highway safety community, the
NHTSA undertook a data modernization effort in 2012 [27]. This included an
update of the purpose of each dataset, the variables collected, where data were
collected, and the focus of in-depth investigations. In this update, the CDS was
replaced by the CISS, which is based on data from 32 geographical areas across
the United States (the CDS was based on data from 24 geographical areas across
the United States). The stated purpose of the CISS dataset in terms of the
NHTSA’s efforts to meet the updated data needs of the highway safety commu-
nity, and thus the focus of the data collection efforts for the CISS dataset, in-
cludes the following [25]:

1) Identification of emerging issues in traffic safety

2) Evaluation of vehicle designs and safety systems

3) Examination of the detailed crash performance of vehicles

4) Evaluation of the effectiveness of motor vehicle and traffic safety program
standards

5) Design of future crash avoidance and mitigation technologies

6) Improvement in the knowledge of crash-related injuries and mechanisms

Both systems (CDS and CISS) are comprised of detailed data collected by expert
teams. The data collected include police-reported crash data, data from hospital
and medical records, crash reconstruction data, and data from interviews with
people involved in the crashes documented in the datasets (when possible). It
should be noted that both systems require a vehicle to be towed in order for a
crash to be eligible for inclusion in the dataset, although the CDS imposes addi-
tional restrictions. For each crash that has been selected and sampled, trained
crash technicians collect data from the crash site by recording scene evidence that
helps users understand the nature and outcome of the crash. Given that the data
collection team is not at the crash site in an enforcement role, it is possible that
the people interviewed provide more accurate information regarding what hap-
pened than the information they reported to the responding police officers (e.g.,
distracted driving and other behaviors). Advanced technologies and methods are
utilized by the data collection team to ensure that the resulting high-quality data
can be queried by end users. The CDS and CISS are both intended to be nationally

representative and therefore use sampling strategies that result in nationally rep-

DOI: 10.4236/jtts.2025.151009

159 Journal of Transportation Technologies


https://doi.org/10.4236/jtts.2025.151009

Y. Dong, J. S. Wood

resentative weighted data for the United States (with raw counts of up to 5,000
crashes per year). For details regarding the sampling design and weighting proce-
dures, see [25] [26].

Given the detailed nature of the CDS and CISS data, these datasets were selected
for the analysis of crash contributing factors in this research. At the time the re-
search was conducted, CISS data for 2017-2022 were available. (A limited number
of data observations had been collected for 2016, and a full dataset was not pub-
lished by the NHTSA for that year.) The final year in which data were collected
for the CDS was 2015. Therefore, to yield the most relevant results based on an
adequate sample size of recent data, CDS data for the years 2010-2015 and CISS
data for the years 2017-2022 were used. This resulted in a total of 17,447 crashes
in the CISS data and 21,629 crashes in the CDS data.

The codebooks for the CDS and CISS were reviewed to identify variables that
could be used to identify factors that potentially contribute to crash occurrence.
(Factors that potentially influence crash severity were not considered in the anal-
ysis.) Care was taken to ensure that each factor used could be considered a pre-
cipitating factor to a crash occurring. Various factors related to human factors,
human errors (Ze., aberrant driver behaviors), vehicle issues, environmental fac-
tors, and infrastructure factors were considered and included. It should be noted
that while the data include factors that potentially contributed to crash occur-
rence, it is not known for certain which of the factors present in individual crashes
contributed to the crash occurring. Therefore, the presence of a factor should not
be assumed to indicate that it is a causal factor. This applies to all factors, including

human errors and human factors.

4. Methods

Given that the objective of this project was to evaluate the factors that potentially
contribute to the occurrence of vehicle-related crashes and to apply multiple tax-
onomies for classifying contributing factors, taxonomies were developed as shown
in Figure 1. The first taxonomy, identified in Figure 1 as Taxonomy 1, is based
on previous research and the taxonomy used in the Highway Safety Manual [28].
Additional taxonomies were created to disaggregate the factors in order to better
understand the various factors that potentially contribute to crash occurrence.
Each of the three taxonomies has similarities, though Taxonomies 2 and 3 both
stratify into more specific groupings than Taxonomy 1. Human Factors and
Driver Errors in Taxonomy 2 and Distraction, Fatigued Driving, Alcohol and
Drug, Other Behavior and Decision Factors, and Speeding in Taxonomy 3 are all
related to Human Factors in Taxonomy 1. Vehicle Factors and Vehicle Mainte-
nance in Taxonomy 2 and Vehicle-Specific Factors in Taxonomy 3 are all grouped
into Vehicle Factors in Taxonomy 1. Environmental Factors and Infrastructure
Factors in Taxonomy 2 and Driving Environment, Roadway Surface Conditions,
and Weather in Taxonomy 3 are grouped into Environment Factors in Taxon-

omy 1.
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Distraction
Human Factors Fatigued Driving
B Human Factors Alcohol & Drug Use
Driver Errors .
Speeding

Other Behavior and Decision Factors
Vehicle Factors

= Vehicle Factors ———  Vehicle-Specific Factors
Vehicle Maintenance
Weather
Infrastructure Factors
— Environmental Factors Roadway Surface Conditions

Environmental Factors

Driving Environment

Figure 1. Taxonomies applied to categorize contributing factors.

There are key differences in some similar factors and groupings across the tax-
onomies, yet each is categorized differently. The human factors in Taxonomy 1
include the contributing factors related to drivers’ age, judgement, driving skill,
attention, fatigue, experience, and sobriety. The vehicle factors in Taxonomy 1
include all vehicle-related issues that could potentially cause a crash, including
factors associated with maintenance issues (e.g., bald tires). In Taxonomy 1, the
environmental factors include both the natural or built environment, aspects of
roadway design, and land use.

In Taxonomy 2, human factors only represent the crash contributing factors
related to drivers’ physical limitations, such as reaction time. These are factors
that influence policies such as stopping sight distance requirements, which in-
clude conservative values for driver reaction time and deceleration rates based on
distributions from driver performance data measured by researchers [29] [30].
Driver errors in Taxonomy 2 include factors associated with driver decisions such
as distracted driving, impaired driving due to alcohol and drug use, speeding, and
inappropriate driving decisions. This grouping provides a high-level (aggregate)
breakdown of how often these factors are present in crashes. Environmental fac-
tors in Taxonomy 2 emphasize natural environmental factors such as weather or
the presence of animals on the road and separate factors related to infrastructure
and the built environment into their own category.

Taxonomy 3 considers distraction, fatigued driving, alcohol and drug use, and
speeding as individual categories, with all other behavioral and decision-related
factors grouped into a single category. This is done to provide specific details re-
lated to these factors, as they are some of the most common driver-related factors.
The vehicle factors are no different between Taxonomies 1 and 3 due to there be-
ing too few vehicle-specific factors to provide additional detail beyond what is
provided in the first two taxonomies. The environmental factors in Taxonomy 3
separate weather into its own category, which represents the occurrence of crashes
related to poor weather conditions, like rain, snow, and fog. The roadway surface
condition category in Taxonomy 3 contains the crash contributing factors related
to non-dry roadway surfaces. This category has some overlap with the weather

category but also includes some other factors related to low-friction roadway sur-
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faces (e.g., oily surface, sandy surface, gravelly surface, and muddy surface). The
driving environment category in Taxonomy 3 captures the possible physical ob-
jects (fixed or moving) that drivers faced before a vehicle crash occurred, such as
the animals, roadway elements, and other fixed objects surrounding the road.

According to these classifications, a review of the variables from the CISS and
CDS datasets was conducted. Based on the definitions of the variables, each value
for variables that could potentially be a precipitating factor in a crash was labeled
appropriately for each of the taxonomies. Python was then used to obtain
weighted statistics (Ze., percentages) using the sample weights in the datasets. It
should be noted that the categories and subcategories for Taxonomies 2 and 3 are
not mutually exclusive (i.e., the sums of percentages do not necessarily add up to
100%). Additionally, most crashes have multiple factors that potentially precipi-
tated the collision. The percentages reported in the results are based on crashes
with one or more observed factors within each category. Care was taken to ensure
that no crash was counted more than once for a single category, even if multiple
factors were observed within a single category for an individual crash. The Python
code used to process the data is available from the authors on request.

The weighted percentages are based on indicator variables and are computed
using Equation (1), as shown below.

z in=1Xi Wi

p=4i=L'1.100 (1)

Zinzlwi
where P = the weighted percentage, X, = the indicator variable value for ob-
servation 7, W, = the sample weight for observation 7 and n= the number of
observations.
Given that the data are based on weighted samples, the effective sample size
(n") can be estimated using Equation (2), known as Kish’s effective sample size
([31], pp. 183-200).

C(zm)

" v
i=1
The confidence intervals for proportions can be computed using a Wald inter-

val with the effective sample size, as shown in Equation (3).

1-—
Cl=ptz,, p(—*p) (3)

n

where Cl = the confidence interval, p= the weighted proportion (e,
p=P/100), z
and n" = the effective sample size.

,» = the two-tail p-score value for the desired confidence level,

a

5. Results

The results of the analysis for Taxonomy 1 are shown as Venn diagrams in Figure
2 for both the CDS and CISS datasets, along with the corresponding Venn diagram
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based on the Highway Safety Manual (HSM) [28] [32]. The structure of Taxon-
omy 1 is the same as that of the Venn diagram in the HSM, making comparisons
straightforward. Figure 2(a) indicates that, in the HSM, vehicle factors contribute
to 13% of all crashes. However, Figure 2(b) and Figure 2(c) indicate that vehicle
factors only contribute to 1.71% and 1.67% of crashes based on the 2017-2022
(CISS) and 2010-2015 (CDS) data, respectively. This is not surprising given the
improvements in vehicle design and federal regulations that have improved both
the quality and safety performance of vehicles. However, the reduction in crashes
resulting from vehicle factors makes it more likely that the crashes that occur will
have human and roadway/environmental factors as contributing factors. There-
fore, it is not a surprise that contribution of human factors has increased from
93% in the HSM to 95.44% (CISS) and 97.93% (CDS) or that the contribution of
roadway/environmental factors has increased from 34% in the HSM to 45.73%
(CISS) and 49.15% (CDS). This is also consistent with NHTSA research (NHTSA,
2015). It should be noted that these factors are a product of the NHTSA data col-
lection process. Human factors often represent behaviors that can be influenced
by infrastructure design, policies, and training [33] [34]. Therefore, the fact that
53.82% of crashes in the CISS data and 50.54% of crashes in the CDS data only
had human factors as contributing factors should not be interpreted to mean that
engineers cannot influence or do anything about over half of all crashes. Rather, it

can be used to inform strategies for crash countermeasures and policy development.

34% 93%

Human Factors
57%

Roadway Factors
3%

Vehicle Factors

(a)

45.73% 95.44%

Environment Factors Human Factors
4.38% 53.82%

Vehicle Factors
0.03%

(b)

1.71%
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Environment Factors Human Factors
2.06% 50.54%

Vehicle Factors
0.01%

(©

Figure 2. (a) Venn diagram of contributing factors from the highway safety manual; (b)

Venn diagram of contributing factors using the CISS dataset; (c) Venn diagram of contrib-
uting factors using the CDS dataset.

The minimal changes in percentages for human factor contributions, even with
changes in driver assistance technologies and changes in the potential sources of
distractions and other human factors, are potentially due to risk compensation
and behavioral adaptation. Risk compensation occurs when behaviors change
based on perceived differences in risk. Therefore, it is important to evaluate con-
tributing factors in greater detail. Detailed analysis is provided below for Taxon-
omies 2 and 3 and regarding specific factors.

The results for Taxonomies 2 and 3 provide an additional breakdown of factor
groupings, as shown in Table 1. Due to the presence of more than three groupings
in Taxonomies 2 and 3, overlaps between the groups are not provided. As shown
in Taxonomy 2, driver errors are present in nearly all crashes, while human factors
are present in 16.31% and 16.79% of all crashes based on the CISS and CDS da-
tasets, respectively. The Taxonomy 3 results for human factors indicate that dis-
traction plays a role in 19.06% - 20.92% of crashes, fatigued driving is related to
2.93% - 2.71% of vehicle crashes, alcohol and drugs are present in 8.99% - 9.62%
of crashes, and speeding is a factor in 25.23% - 33.38% of crashes. This breakdown
presents an opportunity for comparison with fatal crashes. For example, FARS
data queries for 2010-2020 indicated that 99,084 of fatal crashes (27.8%) involved
speeding, 39,828 (11.2%) involved distracted or drowsy drivers, and 169,159
(47.5%) involved drivers with a blood alcohol concentration (BAC) of over 0.08
g/dL. (Note that this is the percentage of crashes involving a driver with a BAC at
this level, not the number of people killed with a BAC at this level.) This indicates
the CISS results for speeding are representative of the percentage of fatal crashes
that involve speeding. (It should be noted that speeding is based on the posted
speed, not on the overall speed of the vehicles involved or the impact speed.) It
also indicates that distracted driving, fatigued driving, and alcohol/drug use are
underrepresented in fatal crashes. Higher fidelity analysis of specific human fac-

tors is provided in Section 5.1.
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Table 1. Results of contributing factors for each taxonomy with 95% confidence intervals.

Taxonomy 1 Taxonomy 2 Taxonomy 3
Classification % CISS % CDS  Classification % CISS % CDS  Classification % CISS % CDS
19.06 20.92
Distraction [17.60, [20.08,
16.31 16.79
2052]  21.76]
Human Factors  [14.94, [16.02,
2.93 2.71
17.68] 17.56] , o
Fatigued Driving  [2.30, [2.38,
3.56] 3.04]
95.44 97.73 8.99 9.62
Human Factors [94.67, [97.42, Alcohol & Drugs  [7.93, [9.01,
96.21] 98.04] 10.05] 10.23]
95.40 97.88 25.23 33.38
Driver Errors [94.63, [97.58, Speeding [23.62, [32.41,
96.18] 98.17] 26.84] 34.35]
Other Behavioral 87.81 89.81
and Decision [86.60, [89.19,
Factors 89.02] 90.43]
1.20
. 1.22
Vehicle Factors [0.80,
1.71 [1.00, 1.45] 1.71 1.67
. 1.67 1.60] ,
Vehicle Factors  [1.23, Vehicle Factors [1.23, [1.41,
[1.41, 1.93] i i 0.51 0.45
2.19] Vehicle Mainte- 2.19] 1.93]
[0.24 [0.31,
nance
0.77] 0.58]
31.63 34.32 18.92 23.94
Infrastructure Roadway Surface
[2991,  [33.33, - [17.47,  [22.67,
Factors Conditions
33.36] 35.28] 20.37 24.41]
. 45.73 49.15 13.52 16.95
Environmental
[43.88,  [48.12, Weather [12.25,  [16.18,
Factors . 27.45 30.46
47.57] 50.18] Environmental 14.79] 17.72]
[25.79,  [29.50,
Factors . 36.53 36.56
29.10] 31.40] Driving
. [34.74, [35.57,
Environment

38.32] 37.55]

The Taxonomy 2 results for vehicle-related factors indicate that for the CISS
and CDS datasets, vehicle maintenance issues (which could be considered an in-
direct human factor/error) contribute to approximately 0.51% and 0.45% of all
crashes while other vehicle factors are present in 1.20% and 1.22% of all crashes,
respectively. Further details on vehicle factors and vehicle maintenance factors are
provided in the Vehicle Factors section of this paper.

Infrastructure and environmental factors contribute to a significant proportion
of crashes and overlap in some cases. Based on Taxonomy 2, 13.35% of CISS
crashes and 15.63% of CDS crashes involve both infrastructure and environmental
factors. Based on Taxonomy 3, the driving environment is a factor in approxi-
mately 36.5% of all crashes, weather contributes to 13.52% - 16.95% of crashes,
and roadway surface conditions contribute to 18.92% - 23.94% of all crashes.
These results are limited to CISS and CDS variables that indicate specific related

factors that could potentially directly contribute to crash occurrence. The results
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do not include any of the potential influence of the roadway environment, driving

environment, or weather on human factors or driver errors. Further discussion is

provided in the Roadway and Environmental Factors section of this paper.

5.1. Human Factors

As shown in Figure 2 and Table 1, human factors contribute significantly to crashes.

The key human factors and human errors from the CISS and CDS data, with asso-

ciated weighted percentages, are provided in Table 2. The factors are grouped based

on Distraction, Fatigued Driving, Alcohol and Drugs, Speed Related, and Other Be-

havior and Decision Factors. Distraction is classified slightly differently between the

CISS and CDS data, which is why there are missing values in Table 2.

Table 2. Detailed statistics for human factors with 95% confidence intervals.

Grouping Factor % CISS % CDS
4.45 6.76
Looked But Did Not See
[3.68, 5.21] [6.24, 7.28]
3.16 291
Distraction Outside Vehicle
[2.51,3.80]  [2.56,3.26]
3.07
Other Distraction -
[2.72, 3.42]
2.44
Other Inside Vehicle -
[1.87, 3.01]
1.64 0.69
Unknown Distraction
[1.17,2.11] [0.52, 0.86]
1.20
Manually Operating an Electronic Communication Device -
[0.79, 1.60]
1.01 0.86
Device/Control Integral to Vehicle
Distracti [0.64,1.38]  [0.67, 1.05]
istraction
0.58
Talking on Hand-Held Electronic Device -
[0.30, 0.87]
0.71 0.97
Other Device Brought into Vehicle
[0.40,1.03]  [0.77, 1.17]
0.88
Inattentive or Lost in Thought -
[0.53, 1.23]
0.79
Cell Phone -
[0.61, 0.97]
0.61 1.45
Passenger
[0.32,0.89]  [1.20, 1.70]
0.12%
Smoking Related - >
[0.05, 0.19]
0.07
Talking on Hands-Free Electronic Device -
[0.00, 0.16]
2.93 2.71
Fatigued Drivi S1
atiguied Diiving eepy (2.31,3.56]  [2.38,3.04]
6.94 7.74
Alcohol Involvement
Alcohol & D [5.99,7.88]  [7.19,8.29]
coho rugs
2.84 2.86
Drug Involvement
[2.22, 3.54] [2.52, 3.20]
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Continued
Driving Too Fast for Conditions >17 6.58
[4.35,5.99]  [6.07,7.09]

Speed Related 23.40 26.53
Other Speed-Related [21.48, [25.62,

25.32] 27.44]

87.81 89.81
Other Behavior and Decision Factors [86.60, [89.19,

89.52] 90.43]

As shown in Table 2, some of the most prominent human factors that contrib-
ute to crash occurrence (excluding factors grouped under Other Behavior and De-
cision Factors) include the following:

1) Other Speed-Related (23.40% CISS, 26.53% CDS)

2) Alcohol Involvement (6.94% CISS, 7.74% CDS)

3) Looked But Did Not See (4.45% CISS, 6.76% CDS)

4) Driving Too Fast for Conditions (5.17% CISS, 6.58% CDS)

5) Distraction Outside Vehicle (3.16% CISS, 2.91% CDS)

6) Sleepy (2.93% CISS, 2.71% CDS)

It is interesting to note that these prominent factors are all related to social ac-
ceptance of speeding behavior, distraction, alcohol use, and fatigued driving. Pre-
vious research has evaluated driver characteristics and other factors that contrib-
ute to each of these. For instance, the proportion of US drivers that drive within
the speed limit has been evaluated as a function of age (with younger drivers more
likely to speed), income (with drivers having higher income drivers less likely to
speed), gender (with female drivers less likely to speed), and education level (with
drivers having a high school education or beyond more likely to speed) [35]. It
has been shown that a driver’s intention to speed is determined primarily by the
driver’s attitude toward speeding, while little influence comes from the driver’s
attitude towards the speed limit [36]. Additionally, it is often socially acceptable
to speed, provided the speeding is within a specific range over the posted speed.
Countermeasures for speeding are numerous. Examples include intelligent speed
adaptation and intelligent speed assistance systems (in-vehicle systems) [37]; ed-
ucation of drivers on the effects of speeding on crash involvement, crash severity,
and vehicle control [34]; and automated enforcement [38]. Speeding can also po-
tentially be influenced by the roadway design [39], work zone layouts [40], and
other infrastructure-related factors (e.g., pavement markings and signage) [41]-
[43].

Previous studies have found that 10% to nearly 40% of drivers had reported
falling asleep at the wheel at least once in the previous year [34]. Socioeconomics
may require drivers to travel at times when they are fatigued, leading to drowsy
driving. This phenomenon could also be due to numerous other reasons, yet it
highlights the need for awareness and countermeasures related to drowsy driving.

Countermeasures for drowsy driving could include advanced driver assistance
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systems (ADAS) such as driver alert (for alerting the driver to fatigue) [44], grad-
uated driver’s licensing (GDL) [38], and educating drivers on how to recognize
drowsiness early and methods for coping or dealing with fatigue [34].

Alcohol and drug use has long been understood as a factor contributing to crash
occurrence and severity [45]. Countermeasures used in the United States that have
been shown to be effective are primarily deterrence laws and enforcement such as
administrative license revocation or suspension programs, high-visibility satura-
tion patrols, and alcohol ignition interlocks (for reducing recidivism) [34] [38].

Included in the category of Other Behavior and Decision Factors are specific
crash contributing factors involved in pre-crash critical driving events, such as
turning behavior, lane changing behavior, driving decisions when crossing an in-
tersection or roadway, and vehicle location after a critical event. The most highly
weighted contributing factors in this category are shown in Table 3. Among the
almost 45 factors grouped under Other Behavior and Decision Factors from both
datasets, vehicle departure from the roadway is a contributing factor in 32.70% -
30.38% of crashes, and a vehicle leaving the original lane, which indicates lane
departure behavior, is a contributing factor in around 13% of crashes. Left turning
movements, another highly weighted contributing factor, are involved in about
16% of vehicle crashes. A vehicle crossing an intersection is a factor in 12% of
vehicle crashes, and the stopping of another vehicle potentially contributes to
11.64% - 16.28% of crashes. Several highway design strategies for reducing road-
way departure crashes are identified by the American Association of State High-
way and Transportation Officials (AASHTO), including installation of pavement
edge lines, improvements to traffic barrier design, and improvements to the de-
sign of skid-resistant pavements on horizontal curves [45]. Previous research has
also evaluated the effectiveness of lane departure warning (LDW) systems for run-
off road crashes [46]. Left-turning vehicle crashes always involve misjudgment of
the speed of oncoming vehicles and inappropriate gap selection, both of which

could be improved by driver training and education [47].

Table 3. Top 5 Contributing Factors in the Category of Other Behavior and Decision Factors

Factor % CISS % CDS
32.70 30.38
Departed roadway
[30.96,34.44]  [28.51,32.25]
15.97 16.13
Turning left
[14.61,17.33]  [14.64, 17.62]
12.24 12.99
Stayed on roadway, but left the original lane
[11.02,13.45]  [11.62, 14.36]
, , 12.32 12.10
Cross over intersection
[11.10,13.53]  [10.78, 13.42]
11.64 16.28
Other vehicle stopped
[10.45,12.83]  [14.78, 17.78]

Aberrant driver behaviors are an important part of the human-related factors

that contribute to vehicle crashes. Table 4 shows how human factors and aberrant
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driver behaviors interact with other categories of contributing factors. The statis-
tics shown in the table indicate the percentage of crashes that occur only in the
presence of corresponding contributing factors. For example, approximately
50.54% to 53.82% of vehicle crashes only involve potential human factors, and the
corresponding weighted percentage of crashes only involving aberrant driver be-
haviors is around 28%. Both potential human factors and vehicle factors are pre-
sent at the same time in 0.31% - 0.42% of crashes (with no environmental factors

present).

Table 4. Detailed statistics of corresponding contributing factors.

Factors % CISS % CDS Factors % CISS % CDS
Human Factors 53.82 50.54 Aberrant Driver Behaviors 28.26 28.49
Vehicle Factors 0.03 0.01 Vehicle Factors 0.28 0.22

Environmental Factors 4.38 2.06 Environmental Factors 26.74 23.59

Human &Vehicle Factors

Aberrant Driver Behaviors &
0.42 0.31 . 0.17 0.10
Vehicle Factors

Aberrant Driver Behaviors &

Human & Environmental Factors 40.09 45.73 17.74 24.20

Environmental Factors
Vehicle & Environmental

Vehicle & Environmental Factors 0.14 0.01 0.92 1.15

Factors
Aberrant Driver Behaviors &

Human & Vehicle & Environmental

Factors

No Factors

1.11 1.35 Vehicle & Environmental 0.33 0.21
Factors
0.00 0.00 No Factors 25.56 22.05

According to Table 4, the percentage of crashes solely associated with aberrant
driver behaviors factors is nearly half of that solely associated with potential hu-
man factors. Compared to crashes involving potential human factors, crashes in-
volving aberrant driver behaviors are less likely to involve vehicle or environmen-
tal factors at the same time. These comparisons illustrate the distinction between
human factors and aberrant driver behaviors. The human factors discussed above
encompass a broad range of factors that involve human actions or conditions con-
tributing to crashes, including not only direct driving actions (like reaction time,
distracted driving, fatigued driving) but also other factors that may impact driving
performance (misreading of road signs, misjudgment of another vehicle’s speed).
These potential human factors may not necessarily imply intentional inappropri-
ate driving behaviors, but the interactions between human factors, vehicle factors,
and environmental factors may contribute to crash occurrence. However, aber-
rant driver behaviors focus specifically on driver actions or behaviors that deviate
from accepted norms or safe driving practices and directly lead to a crash. Unlike
human factors, aberrant driver behaviors imply a deliberate disregard for traffic
laws or safety regulations and may occur independently of concurrent vehicle or
environmental factors. This distinction suggests that understanding the difference

between potential human factors and aberrant driver behaviors is crucial for iden-
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tifying applicable countermeasures to reduce crashes involving human-related
factors.

The detailed review of human-related factors above indicates that most factors
relate to drivers’ senses or perceptions, predictions, decision-making, execution
of driving tasks, and incapacitation [48]. It is widely anticipated that the use of
autonomous vehicles (especially for vehicles in level 4 or 5) could reduce crashes
involving human-related factors. It is obvious that autonomous vehicles could re-
duce crashes caused by human physical limitations (like reaction time), distracted
driving, and driving under the influence of alcohol or drugs. For crashes caused
by driving behaviors (habits) and decision-making, the effectiveness of autono-
mous vehicles in improving safety requires further research. Since the driving be-
haviors and decision-making methods of autonomous vehicles are programmed
by humans, autonomous vehicles could also introduce safety risks based on the

assumptions made and limitations encountered during system development.

5.2. Vehicle Factors

Vehicle safety is critical to the prevention of crashes. Under the National Traffic
and Motor Vehicle Safety Act of 1966 [49], the NHTSA has the authority to obtain
information on vehicle crashes and other safety data in order to conduct safety
recalls and ensure that vehicles comply with laws and regulations. Due to the de-
velopment of legal requirements and improvements in vehicle design, the percent-
age of crashes to which vehicle issues contribute has been significantly reduced
over the last several decades (as indicated in Figure 2). The vehicle-related factors
that contribute to collisions were identified in the CISS and CDS datasets and are
provided in Table 5. As indicated, blowouts or flat tires are factors in 0.51% and
0.45% of crashes based on the CISS and CDS datasets, respectively. Blowouts and
flat tires have numerous potential causes, including wear, low pressure, damage
due to potholes or other objects in the roadway, and so on. Many of the other
factors shown in Table 5 are potentially related to maintenance but could have
other causal sources that are not indicated in the datasets. Therefore, counter-
measures for these factors are difficult to determine beyond driver education and

inspection-related activities.

Table 5. Detailed statistics for vehicle factors with 95% confidence intervals.

Factor % CISS % CDS
0.42 0.26
Disabling vehicle failure

[0.18, 0.67] [0.16, 0.36]

0.12 0.35

Non-disabling vehicle problem

[0.00, 0.25] [0.23, 0.47]

0.05 0.06

Trailer, disconnected in transport

[0.00, 0.13] [0.01, 0.11]

0.61 0.52

Other cause of control loss

[0.32,0.90] [0.37,0.67]

, 0.51 0.45

Blowout/flat tire

[0.24, 0.77] [0.31, 0.59]
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5.3. Roadway and Environmental Factors

The grouping of factors that infrastructure owners, engineers, and planners have
the most direct control over are roadway and environmental factors. Statistics for
key roadways and other infrastructure-specific factors are provided in Table 6. As
shown, many of the factors are related to objects that can be struck by a moving
vehicle. The most common factor is trees with a diameter greater than 10 centi-
meters, which are a factor in 5.57% and 5.67% of crashes according to the CISS
and CDS datasets, respectively. Trees and bushes, combined, contribute to 7.76%
(CISS dataset) and 8.68% (CDS dataset) of crashes. The other factors in Table 6
are typically manmade objects (though some objects found in the road may not
be manmade and poor road conditions may not have human causes). Many of the
factors are specific to roadside design. The Highway Safety Manual, A Policy on
Geometric Design of Highways and Streets (Green Book), and Roadside Design
Guide are excellent tools for identifying countermeasures to address these factors
[28] [50] [51].

Table 6. Detailed statistics for roadway and infrastructure-related factors with 95% confi-
dence intervals.

Factor % CISS % CDS
5.57 5.67
Tree (>10 cm diameter)

[4.72, 6.42] [5.19, 6.15]

3.79 4.57

Concrete traffic barrier

[3.09, 4.50] [4.14, 5.00]

5.01 4.25

Curb

[4.20, 5.82] [3.84, 4.66]

3.34 4.22

Guardrail face or end

[2.67, 4.01] [3.81, 4.63]

» 2.17 2.94

Poor road conditions

[1.63,2.71] [2.59, 3.29]

3.13 3.66

Other fixed objects

[2.48, 3.77] [3.27, 4.05]

Non breakaway pole or post (>10 cm 3.09 4.51
diameter and <30 cm diameter) [2.45, 3.73] [4.08, 4.94]

' 2.16 2.63

Ditch or culvert

[1.62, 2.70] [2.30, 2.96]

1.95 2.04

Embankment

[1.44, 2.47] [1.75, 2.33]

2.66 191

Fence

[2.07, 3.26] [1.63,2.19]

Non breakaway pole or post 2.86 3.75
(£10 cm diameter) [2.25, 3.48] [3.36, 4.14]

191 1.68

Wall or building

[1.22,2.77] [1.42, 1.94]

0.98 0.48

Cable barrier

[0.62, 1.35] [0.34, 0.62]

Non breakaway pole or post 1.30 1.85
(>30 cm diameter) [0.88, 1.72] [1.27,2.13]
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Continued
0.80 1.12
Object in road

[0.47, 1.13] [0.90, 1.34]

1.18 1.31
Breakaway pole or post

[0.78, 1.59] [1.08, 1.54]

1.41 1.58
Tree (€10 cm in diameter)

[0.97, 1.85] [1.32, 1.84]

0.78 1.43
Shrubbery or bush
[0.45,1.11] [1.19, 1.67]

Statistics for environmental and weather-related factors that contribute to crashes
are provided in Table 7. Among these factors, the most common is wet pavement
(14.64% and 15.29% according to the CISS and CDS datasets, respectively) followed
by rain (10.45% and 9.92% according to the CISS and CDS datasets, respectively).
For wet pavement and rain, potential countermeasures are limited (e.g., providing
adequate drainage and friction). Snow and snow on pavement are also key factors,
although the percentages shown in Table 7 are national averages and may not be
applicable to specific regions within the United States. Snow management and re-
moval is often considered as a countermeasure by roadway owners in regions that
see significant snowfall each year. Other environmental and weather-related factors
also contribute to crashes, but countermeasures for each factor are either difficult to
evaluate (Ze, their effectiveness is unknown) or highly specific to local conditions
(e.g., snow fences provided in geographical areas with significant snowfall and
crosswinds to prevent blindness caused by blowing snow).

Table 7. Detailed statistics for environment and weather-related factors with 95% confi-
dence intervals.

Factor % CISS % CDS
14.64 15.29
Wet Pavement
[13.33, 15.95] [14.55, 16.03]
. 10.45 9.92
Raining
[9.32,11.58] [9.31,10.53]
) 5.11 321
Animal
[4.29, 5.93] [2.85, 3.57]
. 2.05 2.23
Snowing
[1.53, 2.58] [1.93,2.53]
1.82 2.16
Snow on Pavement
[1.32,2.31] [1.86, 2.46]
1.86 2.52
Ice/Frost on Pavement
[1.36, 2.36] [2.20, 2.84]
0.44 0.51
Fog, Smog, or Smoke
[0.20, 0.69] [0.36, 0.66]
0.36 0.59
Slush on Pavement
[0.14, 0.58] [0.43, 0.75]
0.14 0.09
Severe Crosswinds
[0.00, 0.27] [0.03, 0.15]
0.14 0.35
Sleet or Hail
[0.00, 0.28] [0.23, 0.47]
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Continued
0.21 0.06
Freezing Rain/Drizzle

[0.04, 0.38] [0.00, 0.11]

_ 0.11 0.08

Mud, Dirt, Gravel on Pavement

[0.00, 0.24] [0.02, 0.14]

. 0.06 0.93

Blowing Snow

[0.00, 0.14] [0.73, 1.13]

0.14 0.13

Water on Pavement

[0.00, 0.28] [0.06, 0.20]

0.02 0.03

Blowing Sand, Dirt, or Soil

[0.00, 0.08] [0.00, 0.07]

0.01 0.02

Sand on Pavement

[0.00, 0.03] [0.00, 0.05]

. 0.01 0.01

Oil on Pavement

[0.00, 0.03] [0.00, 0.03]

6. Conclusions and Recommendations

This study applied multiple taxonomies to two national datasets (CISS and CDS)
in order to evaluate factors that potentially contribute to crash occurrence. The
datasets are highly detailed and involve police-reported crash information, crash
reconstructions, hospital data, and interviews with people involved in the colli-
sions documented in the datasets. The datasets are collected and maintained by
the NHTSA, with the CISS data used in this paper covering the years 2017-2022
and the CDS data covering the years 2010-2015. The crashes included in the da-
tasets have weights assigned by the NHTSA based on a sampling scheme intended
to ensure that the data are nationally representative. Using the definitions of the
variables included in the datasets, factors that are likely to contribute to crash oc-
currence were extracted. Weighted statistics were then used to determine overall
percentages for each factor based on how often they contribute to crashes in the
United States. It is important to note that the mere presence of a factor does not
ensure that it precipitated (7.e., caused) the crash.

The findings indicate that, consistent with previous research, human factors or
human errors are present in more than 95% of crashes. Infrastructure and envi-
ronmental factors contribute to more than 45% of crashes. Vehicle factors, includ-
ing issues related to maintenance (e.g., bald or worn tires), contribute to only
1.67% - 1.71% of all crashes. The percentage of crashes involving vehicle factors is
significantly lower in the HSM, which is not a surprise given that the data on
which the HSM are based were collected in the 1970s and vehicle regulations have
become more stringent over time. The percentage of crashes involving human
factors in the HSM is similar to the percentages in the CISS and CDC datasets.
The percentage of crashes involving roadway and environmental factors is larger
in the CISS and CDC datasets than in the HSM. It is noted in this paper that hu-
man factors often represent behaviors that can be influenced by infrastructure de-
sign, policies, and training [33] [34], and numerous countermeasures exist for

specific human factors and errors. The HSM, Roadway Design Guide, and other
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resources are available for determining appropriate countermeasures for roadway
and environmental factors. Detailed breakdowns of specific factors in each cate-
gory are provided in this paper.

The contributing factors highlighted in this study are often widely acknowl-
edged as critical for reducing crashes. However, few studies have presented how
common these contributing factors are in actual crashes, which is essential for
comprehending the full potential effectiveness of specific safety countermeasures
or crash prevention programs. For instance, fatigued driving, specifically drowsi-
ness, is present in approximately 3% of crashes. Therefore, interventions targeting
fatigued driving (such as driver fatigue monitoring systems on newer cars), even
if 100% successful at preventing crashes where fatigued driving is a factor, would
have maximum effectiveness of reducing all crashes by 3%. Realistically, the over-
all crash reduction is not likely to be significant in this case.

Although this study provides a detailed evaluation of crash contributing factors
based on recent national datasets, there are limitations. First, the sample size is
limited to any individual year. The CISS and CDS datasets each record up to ap-
proximately 5,000 crashes per year, which are then scaled using weighting factors
to represent the United States. Due to the sampling locations and sample sizes
involved, however, the analysis is limited to representing the United States at the
national level (Z.e., some factors may not be representative of specific geographical
areas, such as snow and ice in southern states). This lack of region-specific analysis
may limit the applicability of the results for local policy development. Future re-
search should explore regional differences. Additionally, the contributing factors
assigned to crashes in this project are based on the variables available in the CISS
and CDS datasets. It is difficult to record all of the factors that likely contribute to
crash occurrence due to the data collection method used and the complexity of
crash events.

Future research should consider advanced data collection methods and tech-
nologies for large-scale data collection within specific geographical regions. Ad-
ditionally, the interrelationships between factors that influence crash frequency
and crash severity should be evaluated. Finally, detailed investigation of interac-
tions between human behavior, road and environmental conditions, and vehicle
technologies should be explored to determine important interactions that are as-

sociated with crash occurrence.

7. Practical Applications

It is anticipated that the results of this study could potentially be used to shape
comprehensive strategies for enhancing transportation safety. Engineers, policy-
makers, and other stakeholders should utilize the results to identify effective tar-
geted safety interventions and improvements, such as educational campaigns, pol-
icy development, infrastructure improvements, and law enforcement strategies.
Additionally, engineers and transportation agencies should use the results to in-

form the design and maintenance of road infrastructure. Automotive companies
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and government agencies should use the results to guide the development of ad-

vanced safety technologies for vehicles. Moreover, public awareness campaigns

and public health initiatives benefit from a nuanced understanding of the factors

that influence crashes, allowing for the creation of impactful educational pro-

grams and policies.
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