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ABSTRACT

Fatal pedestrian crashes involving elderly individuals (aged 65+) are a growing public safety concern in the
United States. Notably, approximately 80% of fatalities occurring away from intersections underscores the
critical need to examine non-intersection crash dynamics. This study investigates contributing factors to
such non-intersection fatalities involving elderly pedestrians using Association Rule Mining (ARM)
applied to the Fatality Analysis Reporting System (FARS) data from 2019 to 2023. A two-stage analytical
framework was employed: first, random forest-based feature selection identified the most influential
variables; second, the Apriori algorithm uncovered frequent co-occurring crash patterns. The analysis
yielded 26 high-lift rules (lift > 2.6) associated with elderly pedestrians being pronounced dead at the scene.
A striking and novel finding was the consistent presence of solo drivers (DRIVER ALONE = TRUE) in
all high-risk scenarios, suggesting that unaccompanied drivers may face heightened risks of missing or
failing to respond to elderly pedestrians, particularly in challenging environments. Other common
antecedents included roadside pedestrian locations, poor lighting conditions (e.g., “Dark — Not Lighted”),
and overnight hours (12 A.M.—6 A.M.). Alcohol involvement, lack of traffic controls, and disabling vehicle
damage further contributed to fatal outcomes. These findings highlight the compounded dangers of isolated,
low-visibility, and uncontrolled settings, especially when drivers are alone. The study underscores the need
for targeted safety interventions such as enhanced roadside lighting, improved infrastructure in non-
intersection areas, and time-specific driver awareness efforts. By identifying these high-risk patterns, this
research provides actionable insights to inform policy and infrastructure strategies aimed at protecting
vulnerable elderly pedestrians.

Keywords: Elderly Pedestrian Safety, Association Rule Mining, FARS Dataset, Non-Intersection Crash
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INTRODUCTION

Pedestrian safety has emerged as a critical public health and transportation challenge globally.
Traffic crashes account for over 1.2 million deaths and tens of millions of injuries each year, with
pedestrians constituting one of the most vulnerable groups. Worldwide, pedestrians represent more than
22% of all road traffic deaths, approximately 270,000 fatalities annually, many of which result in permanent
disability or long-term consequences for survivors (/).In the United States, the situation is similarly
concerning. Pedestrian fatalities rose by 48% from 2009 to 2016, making it the steepest increase among
OECD nations during that period(2).Alarmingly, recent estimates suggest nearly 6,000 pedestrians die each
year in motor vehicle crashes in the U.S., maintaining historically high levels last seen more than 25 years
ago(3). Figure 1 shows historical trend of annual average pedestrian fatalities in the U.S.
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Figure 1 Average annual pedestrian fatalities by S-year analysis intervals(2)

The 2024 NHTSA report estimated 39,345 traffic fatalities in the U.S., a 3.8% drop from 2023,
with a similar decline in overall fatality rate. However, about 20% of states still exceed the pre-COVID
national average of 1.13 fatalities per 100 million vehicle miles traveled(4). This underscores that despite
national improvements, pockets of elevated risk persist, often driven by latent or localized factors. Several
factors, including age distribution, physical vulnerability, and behavioral tendencies, contribute to the
disproportionate representation of pedestrians in traffic fatalities (5, 6), with older pedestrians facing a
higher risk of fatality due to slower mobility and reduced reflexes. Figure 2 illustrates the age distribution



2

Asiedu, Abbaszadeh Lima and Roknuzzaman

of pedestrian deaths per hundred thousand people in the USA, highlighting that historically, older
pedestrians have been at greater risk of fatal accidents.
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Figure 2 Pedestrian deaths per 100,000 people by age, 1975-2023 (7)

Furthermore, most pedestrian fatalities in the U.S. occur away from intersections, approximately
80% according to long-term data (2). These non-intersection crashes are particularly hazardous, often taking
place under poor lighting conditions, at higher speeds, and in locations lacking pedestrian infrastructure (8).
Understanding the complex interactions of contributing factors in such crashes is crucial for effective
countermeasure development.

Researchers have employed various analytical techniques to identify risk factors associated with
pedestrian fatalities, including logistic regression, Bayesian models, decision trees, and data mining
methods(9, 10). Several studies have utilized regional or state-level data, such as police crash records,
hospital databases, and forensic reports. While insightful, these studies often suffer from limited geographic
coverage or lack of consistency in data definitions (//).The Fatality Analysis Reporting System (FARS),
maintained by the National Highway Traffic Safety Administration, overcomes these limitations by
providing a nationally standardized, comprehensive dataset of all fatal crashes on U.S. public roadways. Its
extensive coverage, rich variable structure, and consistency make FARS the most authoritative dataset for
examining nationwide pedestrian fatality trends (2, ).

Numerous factors contribute to pedestrian fatality risk, including pedestrian age and gender, vehicle
type, driver behavior, lighting conditions, road type, location (urban vs. rural), and time of day (/, 6).
Vehicle speed and size (especially large vehicles such as SUVs and trucks) have also been strongly
associated with increased fatality risk (2). In recent years, distraction (e.g., smartphone use), alcohol
involvement, and inadequate lighting have emerged as critical contributors, particularly in nighttime
crashes (3, 8).

Association Rule Mining (ARM), a powerful data mining technique, has proven effective in
discovering hidden patterns and relationships within large crash datasets. Unlike traditional regression
methods, ARM can uncover multiple interacting factors that frequently co-occur with fatal outcomes,
making it especially useful for complex phenomena like pedestrian crashes(9, 10). Prior research has
demonstrated the utility of ARM in identifying high-risk combinations of driver, pedestrian, and
environmental attributes in urban pedestrian crashes (/0). However, few studies have applied ARM
specifically to non-intersection crashes, which have unique dynamics and risk profiles.
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This study aims to fill that gap by applying association rule mining to recent FARS data (2019—
2023) to explore contributing factors to fatal non-intersection crashes involving elderly pedestrians. It
updates prior findings, explores shifting patterns, and highlights emerging risks, offering timely insights to
inform targeted safety interventions and support evidence-based transportation policy decisions.

LITERATURE REVIEW

Elderly Pedestrians and Fatality Risk in the U.S.

Fatal pedestrian crashes involving elderly individuals (aged 65+) are a growing public safety
concern in the United States. Pedestrians aged 70 and above account for 19% of total fatalities and have the
highest per capita fatality rate, averaging 22 deaths per million population (/2). As life expectancy increases
globally, the elderly population continues to grow, including in the U.S., posing challenges across various
sectors, particularly transportation(/3). Older pedestrians are especially vulnerable; for example, a 70-year-
old hit at 25 mph faces the same fatality risk as a 30-year-old struck at 35 mph(/4). Studies have identified
roadway design, environmental conditions, vehicle type, and individual characteristics as key contributors
to pedestrian fatalities. Geometric features, speed limits, intersection design, and terrain influence crash
likelihood. FARS data from 2009-2016 shows a 69% increase in pedestrian deaths on urban arterials, while
nighttime fatalities rose 56%, emphasizing poor visibility. This background highlights the high
vulnerability of elderly pedestrians and underscores the need to understand the contributing factors in fatal
crashes.

Vehicle and Personal Factors Influencing Pedestrian Fatalities

Vehicle type also plays a significant role. Larger vehicles, including SUVs, light trucks, and vans,
pose a significantly higher risk of causing severe or fatal injuries compared to smaller passenger cars. his
is due to design features like greater body mass, elevated ride height, and more rigid front structures
(bumpers, grilles, hoods). Studies show pedestrians struck by light trucks or vans are two to three times
more likely to die than those hit by passenger cars. (/6) Additionally, modern vehicles with higher power-
to-weight ratios are often associated with higher impact speeds, worsening injury outcomes. Driver
demographics also influence crash outcomes. Male drivers consistently exhibit higher fatality rates than
females averaging three times higher per capita. Although both genders have seen annual fatality increases
(4.6% for males, 3.7% for females), the gap remains notable. Age matters as well: teen drivers have higher
crash rates, but older adult drivers have higher fatal crash rates per mile. For example, impatient drivers
attempting to navigate around elderly pedestrians potentially causing fall and collisions (/4). These vehicle
and driver-related characteristics can be the important variables to be incorporated in a comprehensive rule-
mining approach to uncover fatal crash patterns specific to elderly pedestrians.

Age-Related Vulnerability in Pedestrian Crashes

Older adult pedestrians are particularly vulnerable in traffic environments due to age-related
declines in physical, sensory, perceptual, and cognitive abilities. An observational study using video
recordings at multiple urban sites found that older adults were more likely to cross two-way undivided roads
in the presence of closer oncoming vehicles and generally adopted less safe crossing strategies compared
to younger adults. This supports the view that age-related cognitive and perceptual limitations significantly
contribute to crash involvement and fatality risk(/7). Another study analyzing 4,290 traffic casualties
reported significantly higher mortality rates among individuals aged 65 and older pedestrians compared to
non-pedestrians. While the definition of "elderly" varies across studies, many use 65 years as the threshold
(18), others focus on those over 70 years (/9) and some specifically examine pedestrians aged 75 and
above(20). Physical challenges such as reduced mobility and visibility further increase risks, especially
when walking near reversing vehicles or during low-visibility or winter conditions. Elderly pedestrians
often require more time to cross streets, making short signal phases or multilane intersections especially
hazardous(27). Furthermore, arterial roads characterized by multiple lanes, high speeds, and large traffic
volumes pose significant dangers, particularly at non-intersection points where many elderly fatalities occur
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(22). These behavioral and physiological insights validate the focus on elderly pedestrians and support the
decision to study non-intersection locations where age-related impairments compound crash risk.

Non-Intersection Locations as High-Risk Zones

Between 2009 and 2016, studies found that over two-thirds of pedestrian fatalities in urban areas
occurred at non-intersection locations. This trend was consistent across all roadway types, where fatalities
were more frequent at non-intersections than intersection(/5). Non-intersections often include zones of high
pedestrian activity such as transit stops and bus stations which increase the potential for conflicts between
pedestrians and vehicles (23).These risks are often exacerbated by geometric roadway features like curves
or elevation changes that limit sight distance, as well as the lack of well-designed sidewalks or clearly
marked crosswalks (24). Several studies have investigated these contributing factors, emphasizing the need
for comprehensive design and policy interventions particularly for vulnerable populations such as the
elderly. While early research used diverse datasets and methods to identify contributing factors, this review
highlights the importance of focusing on non-intersection environments with the aim to identify contextual
crash patterns at such locations.

Limitations of Traditional Models and Need for Data-Driven Approaches

A growing body of research has explored contributing factors to fatal pedestrian crashes at non-
intersections, revealing complex interactions among driver behavior, environmental conditions, and vehicle
type. A mixed logit model using HSIS data (2007-2016) in North Carolina found that severe weather
increased the likelihood of fatal pedestrian crashes at non-intersections by 37.3%. The presence of traffic
control devices, day of the week, and passenger presence particularly for drivers over age 40years were
also significant, with passengers offering a stronger protective effect for male drivers(25). Notably, male
drivers were more frequently involved in non-intersection fatal crashes, potentially due to aggressive
turning behavior. Another study, integrating a mixed logit model with GIS, found that driver inattention
had a stronger impact under hot weather conditions (26). A study using Poisson regression on FARS and
General Estimates System data reported a 50% increase in pedestrian deaths at non-intersections and an
82% increase in SUV involvement in fatal single-vehicle pedestrian crashes over time (/5). An empirical
Bayes data mining approach using FARS (2014-2016) highlighted associations such as backing vehicle
incidents involving elderly female pedestrians and poor visibility during dark conditions without proper
street lighting(27). Additionally, a 2021 FARS study using multivariate logistic regression found that dusk-
time and non-intersection crashes were linked to shorter survival times for older pedestrians, while urban
crashes resulted in longer survival times than rural ones(28). A regression analysis in Louisiana (2010-
2016) further revealed pedestrians under the influence of alcohol or drugs were at greater fatality risk(29).
Finally, Association Rule Mining on Louisiana crash data (2010-2019) linked pedestrian fatalities to high-
speed roads (50 mph) under dark, unlit conditions, especially when walking against traffic. Interestingly,
elderly pedestrians were more likely to be involved in crashes during daylight with cloudy weather,
emphasizing the need to consider multiple contextual factors in developing pedestrian safety strategies (30).

Unlike traditional regression models, which often struggle to capture complex or nonlinear
interactions, Association Rule Mining (ARM) offers a flexible and powerful alternative for uncovering
hidden patterns in large datasets(3/). ARM also supports interactive visualizations, which enhance
interpretation and the practical use of findings(32). ARM has been used in a variety of contexts related to
pedestrian safety. For example, it has been applied to analyze Fatal pedestrian crashes at intersections (33),
Pedestrian crashes in urban areas within a specific U.S. state (/0), Intersection-related crashes in urban
areas of developing countries(34) (35), Fatal collision data across eight U.S. states, incorporating driver,
environmental, and roadway characteristics (36), and pedestrian midblock crash severity, where the method
revealed nuanced associations that might be overlooked by conventional approaches (37). These examples
highlight ARM’s versatility in identifying context-specific risk factors that inform targeted safety
interventions. Despite its demonstrated potential, very few studies have applied ARM to the Fatality
Analysis Reporting System (FARS) with a focus on elderly pedestrians at non-intersections. This gap
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presents an opportunity for future research to apply ARM in this context and develop evidence-based
strategies to address this vulnerable population’s unique risks.

METHODOLOGY

This study employed a two-stage methodological framework to identify contributing factors to fatal
non-intersection crashes involving elderly pedestrians (aged 65 and older) in the United States using
Fatality Analysis Reporting System (FARS) data from 2016 to 2023. The first stage involved selecting
relevant features through a random forest-based feature importance ranking, while the second stage applied
association rule mining (ARM) to discover frequent co-occurring crash attributes associated with fatalities.
Figure 3 illustrates the study workflow.

Data Source and Preprocessing

The dataset used in this study was drawn from the national FARS database, which provides detailed
information on traffic fatalities, including variables related to crash circumstances, vehicle and driver
characteristics, and environmental conditions. The analysis was restricted to records involving pedestrians
aged 65 or older fatally injured in non-intersection crashes. Data cleaning and preprocessing steps included
merging relevant FARS tables, filtering for eligible cases, removing missing or inconsistent values, and
recoding variables to categorical formats suitable for ARM.

Feature Selection Using Random Forest

Given the high dimensionality of FARS data, a feature selection process was applied to reduce
noise and improve interpretability. A random forest model was trained using fatal crash outcomes as the
target variable, and variable importance was assessed using Mean Decrease in Impurity (MDI), an impurity-
based metric that ranks variables based on their contribution to reducing classification error(37). To
minimize bias associated with MDI, particularly its tendency to favor variables with more categories, only
the top-ranked features were retained using a straightforward cutoff rule. This strategy maintains
computational efficiency and strong predictive performance without resorting to more intensive recursive
or permutation-based methods (38).
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(Apriori Algorithm)
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Lift Support Confidence Count Coverage

Result Interpretation

Figure 3 Workflow for the Study Methodology

Association Rule Mining Framework

Association Rule Mining (ARM) was employed to uncover frequent patterns among the selected
features that co-occur with elderly pedestrian fatalities. Unlike traditional hypothesis-driven methods, ARM
identifies patterns from data without requiring a priori assumptions, making it particularly suitable for
exploratory analyses in traffic safety research (39—41). This study applies the Apriori algorithm to identify
association rules in fatal crashes involving older pedestrians (65 or higher years old) at non-intersection
locations, with a specific focus on patterns linked to pedestrian fatalities. In recent years, many investigators
have applied ARM as a decision-support tool to extract rules from high-dimensional crash databases that
focus on specific categories of variables (40—43).

The method used by Hossain et al (40) was adopted in this study. Let R = {r1, 12, 13, ..., rn} denote
the collection of the desired records, where each record contains a subset of attributes drawn from the
itemset X = {Xi, X2, X3, ..., Xa}. An association rule is written as U - Vwith U, VC Rand U NV = Q.
Here, U is the antecedent (left-hand side or LHS), and V is the consequent (right-hand side or RHS).

Each rule consists of one or more attribute-value pairs that describe frequently co-occurring
conditions in fatal pedestrian crashes(40). For example, the rule {REL_ROADNAME = On Roadside,
TIME BLOCK =12 A.M.- 6 AM., DRIVER_ALONE=TRUE} — {DOANAME = Died at Scene} has U
= {REL_ ROADNAME = On Roadside, TIME BLOCK=12 A.M.- 6 AM., DRIVER_ALONE=TRUE}
and V = {DOANAME=Died at Scene}. The length of these rules can vary based on the type of study. These
rules capture interdependencies among variables and should not be interpreted as evidence of direct
causation (40, 44—46).

Rule assessment draws on fundamental metrics like support (S), confidence (C), lift (L), and count,
alongside supplementary indicators like coverage (Cove.), collectively enriching the insight into each rule’s
robustness and importance within traffic-safety analysis (45, 47). Support measures how often the pattern
(U — V) occurs in the entire dataset, while confidence is the proportion of those occurrences relative to the
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total number of times U appears (40, 41).The third metric, lift, reflects how frequently the items occur
together within the same independent crash event. On the other hand, count is the number of records in
which the rule’s antecedent and consequent appear together. Unlike support, it is not normalized by the
total number of transactions; it simply states how many times the full rule occurs. Also, coverage
(antecedent support) is the frequency with which the rule’s antecedent shows up in the dataset, indicating
the breadth of situations to which the rule could potentially apply (48).The corresponding formulas are as
follows:
Support (U)=U"/N
Support (V) =V'/N
Support (U— V)=(U'NV')/N
Confidence (U — V) = Support (U — V) / Support(U)
Lift (U — V) = Support (U — V) / [Support(U) x Support(V)]
In these formulas, N is the total number of desired records, U’ is the frequency of occurrences
containing U, V' is the frequency containing V, and (U’ N V') is the frequency containing both U and V.
Lift is pivotal because it shows how much more frequently the antecedent and consequent appear
together than would be expected if they were statistically independent (40, 49) A lift greater than 1 indicates
a positive correlation between U and V, whereas a value below 1 suggests a negative correlation (49, 50).
A lift close to 1 implies that U is independent of the likelihood of V (40, 41, 51).

Tools and Software
All analyses were conducted in R using the “arules”, “dplyr”, and “readr” packages for data mining
and preprocessing.

RESULTS and DISCUSSION

Dataset Overview and Temporal Trend

The final dataset included 5,314 fatal crashes involving at least one elderly pedestrian (aged 65+)
in the U.S. from 2019 to 2023. As shown in Figure 4, fatalities increased by 23% over this period, peaking
at 1,212 deaths in 2022, with a slight decline in 2023.

Older Pedestrian (65+) Non-Intersection Crashes by Year
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Figure 4 Elderly (65+ years) pedestrian fatality in U.S.A. per year (from 2019 to 2023)
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Spatial Distribution of Fatalities

Figure 5 illustrates the geographic distribution of elderly pedestrian fatalities, highlighting stark
state-level differences that mirror demographic patterns. Florida (777), California (726), and Texas (510)
had the highest fatality counts, aligning with their large elderly populations 10.6%, 8.3%, and 7.1% of the
national total, respectively according to the 2023 American Community Survey (28). Conversely, Alaska,
the Dakotas, Wyoming, and Nebraska each reported fewer than 10 deaths, consistent with their smaller
senior populations. While population distribution is a key factor, other contributors include year-round
pedestrian activity in warmer states, urban infrastructure, traffic control measures, and access to public
transit, all shaping the risk landscape for elderly pedestrians across the U.S.

Older Pedestrian (65+) Non-Intersection Crashes, 2019-2023

Number of crashes by state (FARS Dataset)

Figure 5 Spatial Distribution of elderly pedestrian fatality

Random Forest Feature Importance Result

To select variables for the analysis, we began with a comprehensive review of previous studies to
identify variables that were consistently found to be relevant.(23, 27, 33, 50, 52, 53) Based on this review,
we initially included 30 variables in our research to ensure the ARM model was supplied with meaningful
and appropriate inputs. To refine our variable set, we ranked features with the Random Forest algorithm’s
impurity-based importance (mean decrease in Gini), enabling us to isolate and retain only those variables
that most strongly predict the “DOAName” column, which represents the “Died at Scene/En Route”
outcome. The results are illustrated in Figure 6.

Association Rule Mining (ARM) Setup

To derive rules related to the elderly pedestrians at non-intersection locations, Association Rule
Mining (ARM) is applied by setting the “Died at Scene/En Route” column as the consequent (right-hand
side) in each rule. To enhance interpretability, the maximum number of items in each rule was limited to
five (39-41, 43). Setting appropriate minimum thresholds for support and confidence in ARM is essential
to obtain meaningful and insightful results (40, 49). A threshold set too low may yield an overwhelming
number of trivial rules, while a threshold set too high could overlook important underlying associations
between categories (40). As there are no fixed standards for determining the threshold values of support,
confidence, and lift, a trial-and-error method, consistent with previous research (39, 40, 54) was used.
Accordingly, the minimum thresholds were set as follows: confidence at 0.6, support higher than 0.01, and

10
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lift at 2. The “DOAName” column, specifically representing “Died at Scene/En Route,” was designated as
the consequent in the rules. These thresholds aimed to balance rule relevance and coverage, ensuring that
only the most informative and statistically significant patterns were retained.

Random-Forest Variable Importance (Impurity)
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Figure 6 Feature Importance plot based on Random Forest Gini impurity (mean decrease in Gini).

We limited our analysis to the top 20 ranked variables, as the importance of features declines
sharply beyond this point, evident in Figure 6, which shows a steep drop in the feature importance plot.
This selection ensures that only the most relevant features are included in the ARM analysis to generate
meaningful rules. The following set of rules, as shown in TABLE 1, was generated based on the criteria
outlined earlier in this section and sorted by their lift values. The right-hand side of each rule is the
“DOANAME” variable, which specifies the location where the pedestrian was pronounced dead, if
applicable. This variable includes four categories: Not Applicable, Died at Scene, Died En Route, and
Unknown.

11
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TABLE 1 Rules for elderly pedestrians at non-intersection locations, sorted by lift value.

# | LHS RHS Support | Confidence | Coverage | Lift Count

1 {REL_ ROADNAME=0n Roadside, DEFORMEDNAME=Disabling | {DOANAME=Died | 0.0176 0.7140 0.0246 2.8304 | 8008
Damage,LGT CONDNAME=Dark - Not | at Scene}
Lighted, DRIVER ALONE=TRUE}

2 {REL_ ROADNAME=0n Roadside, DEFORMEDNAME=Disabling | {DOANAME=Died | 0.0125 0.7123 0.0176 2.8237 | 5704
Damage,TIME BLOCK=12 A.M.,Ai6 | at Scene}
A.M.,DRIVER ALONE=TRUE}

3 {REL_ ROADNAME=0On Roadside, DISTRACTNAME=Not | {DOANAME=Died | 0.0108 0.7068 0.0153 2.8017 | 4919
Reported, LGT CONDNAME=Dark - Not | at Scene}
Lighted, DRIVER ALONE=TRUE}

4 {REL ROADNAME=0On Roadside, ROLLOVERNAME=Rollover, | {DOANAME=Died | 0.0102 0.7053 0.0145 2.7958 | 4661
Tripped by Object/Vehiclee MAN COLLNAME=The First Harmful | at Scene}
Event was Not a Collision with a Motor Vehicle in
Transport, DRIVER  ALONE=TRUE}

5 {REL ROADNAME=0On Roadside, ROLLOVERNAME=Rollover, | {DOANAME=Died | 0.0103 0.7038 0.0146 2.7901 | 4665
Tripped by Object/Vehicle, DRIVER  ALONE=TRUE} at Scene}

6 {REL_ ROADNAME=0n Roadside, MAN COLLNAME=The First | {DOANAME=Died | 0.0197 0.7030 0.0280 2.7868 | 8963
Harmful Event was Not a Collision with a Motor Vehicle in | at Scene}
Transport, LGT CONDNAME=Dark - Not
Lighted, DRIVER ALONE=TRUE}

7 {REL_ ROADNAME=0On Roadside,LGT CONDNAME=Dark - | {DOANAME=Died | 0.0136 0.7024 0.0194 2.7844 | 6195
Not Lighted, DRIVER ALONE=TRUE,WEATHERNAME=Clear} | at Scene}

8 {REL_ROADNAME=0On Roadside, VTRAFCONNAME=No | {DOANAME=Died | 0.0150 0.7010 0.0214 2.7789 | 6834
Controls,LGT_CONDNAME=Dark - Not | at Scene}
Lighted, DRIVER ALONE=TRUE}

9 {REL ROADNAME=0On Roadside, LGT CONDNAME=Dark - | {DOANAME=Died | 0.0197 0.7009 0.0282 2.7784 | 8988
Not Lighted, DRIVER ALONE=TRUE} at Scene}

10 | {REL ROADNAME=0On Roadside, TIME BLOCK=12 A.M.,Ai6 | {DOANAME=Died | 0.0142 0.6983 0.0203 2.7681 | 6459
AM.,MAN COLLNAME=The First Harmful Event was Not a | at Scene}
Collision with a Motor Vehicle in
Transport, DRIVER ALONE=TRUE}

11 | {REL_ ROADNAME=0On Roadside, TIME BLOCK=12 A.M.,Ai6 | {DOANAME=Died | 0.0106 0.6967 0.0152 2.7620 | 4827
A M., VTRAFCONNAME=No at Scene}
Controls, DRIVER ALONE=TRUE}

12 | {REL_ ROADNAME=0On Roadside, TIME_BLOCK=12 A.M.,Ai6 | {DOANAME=Died | 0.0142 0.6966 0.0204 2.7615 | 6470
A.M.,DRIVER ALONE=TRUE} at Scene}

12
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# | LHS RHS Support | Confidence | Coverage | Lift Count
13 | {REL ROADNAME=0n Roadside, OWNERNAME=Driver (in this | {DOANAME=Died | 0.0111 0.6951 0.0160 2.7554 | 5072
crash) was Registered Owner,LGT CONDNAME=Dark - Not | at Scene}
Lighted, DRIVER ALONE=TRUE}
14 | {REL ROADNAME=0n {DOANAME=Died | 0.0130 0.6943 0.0188 2.7525 | 5931
Roadside, VPROFILENAME=LeveLGT CONDNAME=Dark - | at Scene}
Not Lighted, DRIVER  ALONE=TRUE}
15 | {ROLLOVERNAME=Rollover, Tripped by | {DOANAME=Died | 0.0115 0.6902 0.0166 2.7359 | 5221
Object/Vehicle, DEFORMEDNAME=Disabling at Scene}
Damage, MAN COLLNAME=The First Harmful Event was Not a
Collision with a Motor Vehicle in
Transport, DRIVER ALONE=TRUE}
16 | {ROLLOVERNAME=Rollover, Tripped by | {DOANAME=Died | 0.0128 0.6886 0.0186 2.7298 | 5816
Object/Vehicle, MAN COLLNAME=The First Harmful Event was | at Scene}
Not a Collision with a Motor Vehicle in
Transport, DRIVER ALONE=TRUE}
17 | {DRINKINGNAME=Yes (Alcohol | {DOANAME=Died | 0.0134 0.6884 0.0195 2.7289 | 6106
Involved),REL_ ROADNAME=0n at Scene}
Roadside, DEFORMEDNAME=Disabling
Damage,DRIVER ALONE=TRUE}
18 | {ROLLOVERNAME=Rollover, Tripped by | {DOANAME=Died | 0.0105 0.6871 0.0153 2.7239 | 4790
Object/Vehicle, VTRAFCONNAME=No at Scene}
Controls; MAN_COLLNAME=The First Harmful Event was Not a
Collision with a Motor Vehicle in
Transport, DRIVER ALONE=TRUE}
19 | {ROLLOVERNAME=Rollover, MAN COLLNAME=The First | {DOANAME=Died | 0.0117 0.6866 0.0170 2.7220 | 5307
Harmful Event was Not a Collision with a Motor Vehicle in | at Scene}
Transport, DRIVER ALONE=TRUE}
20 | {DRINKINGNAME=Yes (Alcohol | {DOANAME=Died | 0.0153 0.6803 0.0225 2.6969 | 6974
Involved),REL_ ROADNAME=0On at Scene}
Roadside, MAN_ COLLNAME=The First Harmful Event was Not a
Collision with a Motor Vehicle in
Transport, DRIVER ALONE=TRUE}
21 | {DRINKINGNAME=Yes (Alcohol | {DOANAME=Died | 0.0115 0.6802 0.0170 2.6965 | 5252
Involved),REL ROADNAME=0n at Scene}
Roadside, VTRAFCONNAME=No
Controls,DRIVER ALONE=TRUE}

13
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(25-45),DISTRACTNAME=Not
Reported, DRIVER_ ALONE=TRUE}

at Scene}

# | LHS RHS Support | Confidence | Coverage | Lift Count

22 | {DRINKINGNAME=Yes (Alcohol | {DOANAME=Died | 0.0154 0.6792 0.0226 2.6925 | 6987
Involved),REL ROADNAME=0n at Scene}
Roadside, DRIVER ALONE=TRUE}

23 | {DRINKINGNAME=Yes (Alcohol | {DOANAME=Died | 0.0110 0.6715 0.0163 2.6620 | 4986
Involved),REL ROADNAME=0n at Scene}
Roadside, DRIVER ALONE=TRUE,WEATHERNAME=Clear}

24 | {REL ROADNAME=0On Roadside, AGE_GROUP=Middle Adult | {DOANAME=Died | 0.0197 0.6654 0.0296 2.6379 | 8978
(25-45),DEFORMEDNAME=Disabling at Scene}
Damage,DRIVER ALONE=TRUE}

25 | {VSPD_LIMNAME=55 MPH,REL ROADNAME=0n | {DOANAME=Died | 0.0162 0.6649 0.0244 2.6357 | 7388
Roadside, DEFORMEDNAME=Disabling at Scene}
Damage,DRIVER ALONE=TRUE}

26 | {REL ROADNAME=0On Roadside, AGE GROUP=Middle Adult | {DOANAME=Died | 0.0123 0.6611 0.0187 2.6206 | 5617
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Key ARM Findings

Based on TABLE 1, the Association Rule Mining (ARM) analysis produced a coherent set of 26
high-lift rules that characterize conditions most strongly associated with pedestrians being pronounced dead
at the scene (DOANAME = “Died at Scene”). The lift values of these rules range from approximately 2.60
to 2.83, indicating that the identified combinations of antecedent factors are 2.6 to 2.83 times more likely
to result in a fatal outcome than if the antecedents and fatality were statistically independent. Support values,
ranging from 0.0106 to 0.0197, suggest that although these combinations are individually infrequent, they
occur with sufficient regularity to warrant serious attention. Confidence levels near 0.70 further highlight
the predictive reliability of these rules.

As shown in TABLE 2, the most frequently occurring factor in the antecedents was
DRIVER ALONE=TRUE, appearing in all 26 rules. This underscores a strong association between solo
driving and fatal pedestrian outcomes. The next most common factors were REL ROADNAME=0n
Roadside (22 rules) and LGT _CONDNAME=Dark — Not Lighted (8 rules), suggesting that crashes are
more likely when drivers are alone, traveling along the roadside, and under poor lighting conditions.

Other notable contributing factors included non-collision events, disabling vehicle damage,
rollovers, alcohol involvement, and early morning driving (12 A.M.—6 A.M.). Collectively, these patterns
point to a recurring set of high-risk scenarios that are frequently linked to fatal or severe pedestrian crashes.

TABLE 2 Most Frequent Factors in the Antecedents of Rules Linked to Non-Intersection Elderly
Pedestrian Crashes

Ran | Factor that appears in the rule antecedent # of rules
k

1 DRIVER ALONE=TRUE 26

2 REL_ROADNAME=0n Roadside 22

3 LGT _CONDNAME=Dark - Not Lighted 8

4 MAN_COLLNAME=The First Harmful Event was Not a Collision with a Motor | 8

Vehicle in Transport
DEFORMEDNAME=Disabling Damage

5

6 ROLLOVERNAME=Rollover, Tripped by Object/Vehicle
7 DRINKINGNAME=Yes (Alcohol Involved)
8

9

TIME BLOCK=12 AM.-6 A.M.

VTRAFCONNAME=No Controls

10 DISTRACTNAME=Not Reported

11 WEATHERNAME=Clear

12 AGE_GROUP=Middle Adult (25-45)

13 OWNERNAME=Driver (in this crash) was Registered Owner
14 VPROFILENAME=Level

15 VSPD LIMNAME=55 MPH

16 ROLLOVERNAME=Rollover

—l == = NN BB

Discussion of ARM Patterns

Prevalence of Solo Driving and Roadside Crashes

A consistent pattern observed across nearly all high-lift rules is the co-occurrence of
REL_ROADNAME = “On Roadside” and DRIVER_ALONE = TRUE, highlighting an elevated risk
when an unaccompanied driver is involved in a crash with a pedestrian located on the roadside. Solo drivers
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may face increased crash risk due to the absence of passengers who might help them stay alert, recognize
hazards, or summon emergency assistance. This lack of support can heighten both the probability of a crash
and the severity of resulting injuries especially for older pedestrians, who are more vulnerable to severe
outcomes.

Interestingly, this observation contrasts with prior findings that associate peer passengers with
increased risky driving behaviors (55-57). In the context of elderly pedestrian fatalities, driver aggression
may play a lesser role than pedestrian characteristics (e.g., slower mobility) and environmental factors such
as poor visibility. The recurring presence of REL_ROADNAME = On Roadside suggests that many
elderly pedestrians were struck while walking outside the primary roadway, and that drivers, especially
those alone may have failed to notice them in time, possibly due to inattention, drowsy or distraction.

Significance of Crash Location and Environmental Conditions

The variable REL_ROADNAME appeared in 22 out of 26 rules, emphasizing the importance of
spatial context in pedestrian fatalities. This variable reflects the pedestrian's position relative to the
trafficway and includes categories such as On Roadway, On Shoulder, On Median, On Roadside, and
Outside Trafficway. Its consistent presence underscores the need to address risks associated with off-road
pedestrian activity. The strongest rule identified in TABLE 1 includes LGT_CONDNAME = “Dark —
Not Lighted”, DEFORMEDNAME = “Disabling Damage”, and ROLLOVERNAME = “Rollover,
Tripped by Object/Vehicle”, portraying a common scenario of severe, late-night crashes in poorly lit
environments. These conditions often result in high-impact collisions that disable vehicles or cause
rollovers, contributing to on-scene fatalities. This aligns with the findings of a previous study (29)
suggesting that the current road system, designed primarily for young, healthy users, should be redesigned
to better accommodate older, more vulnerable pedestrians.

Behavioral and Temporal Risk Factors

Several rules incorporate behavioral and temporal variables, particularly TIME_BLOCK = “12
AM.—6 A.M.” and DRINKINGNAME = “Yes (Alcohol Involved)”, suggesting compounded risks
during late-night hours. These periods are associated with reduced pedestrian visibility, increased driver
fatigue, elevated speeds, and higher rates of substance use. Older pedestrians, already slower and less
visible, are especially at risk during these hours.

Another recurring factor, VTRAFCONNAME = “No Controls”, appeared in four rules. This
variable reflects a lack of traffic control devices such as signs or signals, conditions typical of non-
intersection locations. The absence of controls may elevate the risk of pedestrian fatalities by reducing
driver awareness or predictability. Likewise, MAN_COLLNAME = “First Harmful Event Was Not a
Collision with a Motor Vehicle in Transport”, present in eight rules, indicates that many fatal pedestrian
crashes did not begin with a vehicle-to-vehicle collision. This suggests that the pedestrian was likely the
initial point of impact, highlighting their direct vulnerability.

Additional Notable Factors
Beyond the primary risk factors, several secondary elements emerged with notable associations:

e TIME_BLOCK =12 A.M.—6 A.M., appearing in four rules, reinforces the dangers of overnight
hours. This timeframe combines the lowest pedestrian visibility with behavioral risks such as
fatigue and intoxication, making it particularly perilous for older individuals.

e AGE_GROUP = Middle Adult (25-45) appeared in two rules. While this age group is generally
considered to be composed of experienced drivers, its presence in fatal crash patterns, particularly
in roadside scenarios suggests that experience alone does not eliminate crash risk. Contextual
factors such as environment and visibility remain critical.

16
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e WEATHERNAME = Clear, found in two rules, indicates that fatal crashes occurred even under
favorable weather conditions. This suggests that non-environmental factors such as driver behavior
or lack of infrastructure may play more significant roles in crash causation.

e VPROFILENAME = Level, which appeared in one rule, describes a flat roadway profile. The
implication here is that crashes with fatal outcomes occurred even in the absence of challenging
terrain, further emphasizing the impact of human behavior and design limitations.

Summary of Findings

The Association Rule Mining analysis reveals a distinct cluster of high-risk scenarios contributing
to elderly pedestrian fatalities at non-intersection locations. The most salient patterns involve isolated
drivers, roadside locations, poor lighting conditions, and late-night hours, all of which compound the
vulnerabilities of older pedestrians. These findings provide actionable insights that can inform targeted
interventions, such as enhanced lighting, roadside infrastructure modifications, and increased driver
awareness campaigns in areas with limited controls.

CONCLUSION

This study applied Association Rule Mining (ARM) to nationwide FARS data (2019-2023) to
uncover contributing factors in fatal non-intersection crashes involving elderly pedestrians. The analysis
revealed a consistent set of high-lift rules pointing to recurring high-risk conditions. Key patterns included
solo drivers, roadside crash locations, low-light environments, and late-night hours that significantly elevate
fatality risk for elderly pedestrians. The frequent co-occurrence of variables such as DRIVER _ALONE =
TRUE, REL_ROADNAME = On Roadside, and LGT_CONDNAME = Dark — Not Lighted
emphasizes the compounded dangers of driving alone at night in poorly lit, uncontrolled environments.
Behavioral and temporal risk factors, including alcohol involvement and overnight driving (12 A.M.—6
A.M.), further contributed to the severity of outcomes. Notably, fatal crashes occurred even in favorable
weather and terrain, suggesting that human behavior and design shortcomings are more influential than
environmental conditions.

These results highlight the need for targeted safety measures, better lighting, clearer signage, and
improved driver awareness to protect older pedestrians. Identifying high-risk patterns can guide evidence-
based policies and targeted infrastructure upgrades to reduce fatal incidents at non-intersections
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