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Abstract

As drivers age, roadway conditions may become more challenging, particu-
larly when normal aging is coupled with cognitive decline. Driving during
lower visibility conditions, such as inclement weather, is especially challenging
for older drivers due to their sensitivity to glare and reduced visibility. As a
result, older drivers may adjust their behavior during adverse weather. This
paper explores the differential impacts of weather on older drivers with cog-
nitive decline compared to older drivers with normal cognitive function. Data
were from a naturalistic driving study of older drivers in Omaha, Nebraska.
Driver speed and weather data were extracted and the correlation between
speed compliance, road weather conditions, and the cognitive/neurological
status of the drivers was examined. Speed compliance was used as the surro-
gate safety measure since driving at lower speeds can indicate that the driver
is challenged by roadway or environmental conditions and can therefore in-
dicate a risk. The percentage of time during a trip when drivers were 16.1 kph
under the speed limit was modeled as the dependent variable using beta re-
gression. The variables that resulted in the best fit model were mild cognitive
impairment (MCI), age group, traffic density, and weather. Results indicated
that the youngest group of older drivers (young-old) spent less time driving at
impeding speeds and had the least variability compared to the other two age
groups. The middle group of older drivers (middle-old) had the highest
amount of time driving at impeding speeds and had more variability than
young-old drivers. The oldest group of older drivers (old-old) were the most
likely to drive at impeding speeds and had the most variability. In general,
older drivers were more likely to drive at impeding speeds during peak hours
than during non-peak hours. Additionally, in most cases, older drivers spent
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less time below the speed limit when the weather was clear than in adverse
conditions. Results indicate that older drivers are impacted by weather condi-
tions, and distinct patterns were noted between older drivers who were cogni-
tively impaired compared to drivers with normal cognition.

Keywords

Traffic Safety, Older Driver, Cognitive Impairment, Machine Learning,
Speed

1. Introduction
1.1. Background

With aging, the risk of cognitive and visual decline increases and may impact the
ability to drive, increasing the risk of a crash [1] [2]. Identifying specific areas of
risk for older drivers can assist roadway agencies in understanding how to better
address this driving population. Additionally, measurable differences in driving
behaviors may also assist caregivers and medical professionals in identifying cog-
nitive and visual decline as well as provide information for original equipment
manufacturers (OEMs) to design supportive in-vehicle technology for older driv-
ers at risk due to cognitive and visual impairments.

Driving at nighttime or during lower visibility conditions, such as inclement
weather, can be problematic for all drivers. Approximately 15% of fatal crashes,
19% of injury crashes, and 22% of property damage-only (PDO) crashes occur
under adverse weather conditions (such as rain, sleet, snow, or fog) in an average
year. This translates to nearly 4,900 fatal crashes, over 301,100 injury crashes, and
close t0 919,700 PDO crashes annually due to adverse weather [3].

Adverse weather may be particularly challenging for older drivers due to their
sensitivity to glare and reduced visibility. A study by the University of Iowa linked
citation and crash data and found that drivers 50 years and older had a 21% greater
chance of being involved in a crash within 30 days after receiving a traffic-related
charge. The study also found that within 30 days of receiving a traffic-related
charge, these drivers had an increased risk of being involved in a crash during bad
weather [4].

It has been noted in several studies that older drivers adjust their behavior dur-
ing adverse weather. Several studies have used self-reported studies to assess dif-
ferences in driving. Sabback and Mann [5] indicated that older drivers alter their
driving during seasonal variations in weather conditions. Braitman and McCartt
[6] reported that drivers with self-reported memory, vision, or mobility impair-
ments and/or medical conditions (e.g., arthritis or diabetes) were more likely to
make fewer trips, travel shorter distances, or avoid driving at night, on Interstates,
or in ice or snow. Drivers aged 65 and older were twice as likely to report difficulty

leaving home during icy conditions [7]. Older drivers in Maryland reported
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weather as one of their top driving concerns [8]. A study by Karali ef al. [9] indi-
cated that older drivers (compared to younger drivers) reported decreased reac-
tion times and more difficulty driving during inclement weather.

In contrast to self-reported studies, naturalistic driving studies (NDS) have in-
dicated different behaviors during adverse weather. A study by Myers et al [10]
used NDS data and found that older drivers were more likely to drive than not
drive (69% versus 31%) during inclement weather and that 67% drove on days
when weather advisories had been issued. Smith eral [11] assessed NDS data and
found that older drivers took fewer trips during the winter months (7%) but
longer trips during rain events. Crizzle and Myers [12] used NDS data to assess
drivers with Parkinson’s disease (PD) (median age of 71.6 years) compared to
matched controls (median age of 70.6 years). Drivers with PD drove less than the
control group in terms of number of trips, distance, and length. They also drove
less at night (18.6% versus 27.3%) and during bad weather. Around 32% of drivers
with PD did not drive on days with inclement weather, compared to 16% of driv-
ers in the control group. Participants were also questioned about how weather
would change their driving behavior. Drivers with PD were more likely to indicate
that they would postpone shopping/errand trips (81% versus 60% in the control
group) and recreation trips (74% compared to 65% in the control group). How-
ever, drivers with PD were less likely to say that they would postpone all trips

(including medical) than drivers in the control group (40% versus 50%).

1.2. Project Objectives

The objective of this study was to establish a connection between clinical measures
of age-related cognitive decline and driver behaviors under specific weather con-
ditions. The amount of time drivers in a particular age/cognition category drove
at speeds lower than the speed limit was assessed using NDS data. In particular,
the impact of adverse weather conditions on driver behavior was explored.
Weather was coded using a video-based system that can predict weather-related
road surface conditions from NDS video data. In-vehicle cameras were used to
collect roadway video data, and a computer vision model was developed for clas-

sifying road surface weather conditions.

2. Naturalistic Driving Study Data

This research utilized naturalistic driving data collected from 77 legally licensed,
active, older drivers aged between 65 and 90 years old from the Omaha, Nebraska,
region. The participant acquisition strategy encompassed community engage-
ment via fliers, local news, and discourse at local senior institutions. The recruit-
ment from the senior demographic was designed to capture a broad spectrum of
functional impairments associated with cognitive aging (including neurotypical
and impaired drivers) within the study’s purview. All participants provided in-
formed consent in line with institutional protocols. All participants met the Ne-

braska state licensure prerequisites, which mandate a visual acuity superior to
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20/40 (corrected or uncorrected). Participants also self-disclosed their medication
regimen and medical diagnoses.

Participants were excluded if they reported major confounding medication use
(such as stimulants, narcotics, anxiolytics, anticonvulsants, antipsychotics, and
other significant psychoactive medication) or significant medical comorbidities
(including dementia, sleep disorders, pulmonary disease, congestive heart failure,
major psychiatric illness, vestibular disease, alcoholism, or other drug addiction).
Visual impairments were permissible provided drivers met state licensure stand-
ards. Drivers with physical limitations (for instance, arthritis) were included,
given the prevalence of such limitations in older adults. The drivers exhibited a
range of age-related dysfunction (from normal to mild cognitive impairment),
consistent with typically aging driver cohorts [13] [14].

Data collection was a component of a longitudinal two-year investigation,
where each participant was involved in two separate data collection periods of
three months each, with a one-year interval in between. The analysis in this study
was based on the cross-sectional data collected over the course of a two-year study
period that specifically focused on the roadway conditions and driving habits of
the drivers.

Participants were required to visit the University of Nebraska Medical Center
to undergo clinical and laboratory evaluations at the beginning of the study. The
collected data encompassed self-reported demographic information and results
from neuropsychological tests relevant to dementia and driving. This assessment
incorporated standardized neuropsychological metrics that are widely recognized
and utilized in clinical settings for the quantification of cognitive impairment. A
comprehensive metric of cognitive functioning, denoted as “COGSTAT,” was de-
rived from eight distinct clinical neuropsychological evaluations relevant to aging
and driving. These evaluations encompassed areas such as executive functioning,
attention, visuospatial skills, episodic and working memory, speed of processing,
and attention [15]-[18].

Participants demonstrated a spectrum of cognitive abilities, as would be antic-
ipated in a typically aging older adult population without dementia. One of the
assessments of cognitive function was carried out using the Montreal Cognitive
Assessment (MoCA). MoCA is a frequently employed screening tool in clinical
settings for detecting significant cognitive changes, including age-related cogni-
tive declines and mild cognitive impairment (MCI). It evaluates crucial cognitive
domains typically affected by aging, such as memory, visuospatial skills, attention,
and executive functions [19].

At the beginning of each three-month phase of the study, the drivers underwent
a comprehensive evaluation process. This included standardized self-reported de-
mographic information such as age, gender, racial/ethnic identity, educational
background, and socioeconomic status. Additionally, they provided information
on their driving behavior, including their primary driving environment, driving

experience, and frequency of driving. Health-related data were also collected, en-
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compassing medication usage and medical history.

Each participant’s vehicle was instrumented with a custom-built data acquisi-
tion system (DAS) developed by the team. The DAS was unobtrusively mounted
on the vehicle’s windshield next to the rearview mirror in each driver’s personal
vehicle at the start of each study year. The DAS included a set of sensors that pas-
sively collected vehicle parameters every second from when the vehicle’s ignition
is turned on until it is turned off. Sensors included a Global Positioning System
(GPS) unit, accelerometer, video cameras (collecting forward roadway and cabin
videos along with cabin audio recordings), and other vehicle sensors that collected
speed, throttle, and brake data. Drivers were instructed to drive as they typically
would.

The study received approval from the Institutional Review Board (IRB) at the
University of Nebraska Medical Center (IRB #0217-15-FB). All individuals in-
volved in the study provided their informed consent prior to participation.

Table 1 summarizes participant information. It should be noted that certain
participants did not disclose details regarding their income or employment status,

which resulted in a lack of data for these specific individuals.

Table 1. Description of participants.

Variable Range or Counts Average Std. Dev.
Age (years) Range: 65 - 90 75.4 6.45
Female: 33
Sex
Male: 40
White: 70
African American: 1
Race
American Indian: 1
Other: 1
$0 - $500,000
Income $55,362 $62,854
Not indicated: 9
Employed: 22
Retired: 35
Employment
Unemployed: 13
Not indicated: 3
Driving Experience Range: 40 - 76
58.3 8.13
(years) Not indicated: 1
48 - 483 km 164 km 97 km
Weekly Driving (30 - 300 miles) (102 miles) (60.3 miles)

Not indicated: 1

3. Video Analytics to Extract Roadway Surface Conditions

This study also developed an analytical model to extract weather-related roadway

surface conditions from the DAS roadway-focused cameras. A detection model
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using computer vision algorithms was developed to classify the roadway condi-
tions as either clear or adverse (rain, snow) based on the video data collected from
the camera sensors (inside the black box) installed in the vehicles.

Previous approaches by other researchers have utilized various image sources,
data preprocessing methods, and computer vision techniques. Existing models
have mainly focused on three road surface weather conditions: clear, snow, and
rain. Conventional convolutional neural network (CNN)-based approaches have
included fine-tuned AlexNet, GoogLeNet, and ResNet [20] architecture. The fol-
lowing sections describe the development of the weather detection model for this

study.

3.1. Data Preparation for the Vision Model

A total of 651,951 kilometers (405,104 miles) of video was available from the DAS.
Although the NDS data collection included any drive taken by the driver during
the study period, which could have included out-of-state travel, only driving
within the state of Nebraska was included, since roadway characteristics were only
available for Nebraska and drivers were more likely to be familiar with these road-
ways. To streamline processing and analysis, the driving data were partitioned
into one-minute segments. A video was extracted for each one-minute segment.
Weather conditions were extracted using the roadway-facing video data procured
from the DAS. A subset of 1,000 videos was selected for the development of the
computer vision model. The distribution of these videos for training, validation,
and testing was 600, 200, and 200, respectively. Videos were selected to represent
variation across drivers and roadway conditions. The machine vision system cat-
egorized roadway surface conditions as clear, snow, rain, or not applicable (NA).
Representative frames for each category are depicted in Figure 1. The category
“NA” was assigned in scenarios where the roadway was absent from the video more
than 80% of the time (e.g., parking lots, driveways) or where the video was blank.

(@ (b) © (d (©

Figure 1. Sample frames from the DAS forward-facing camera sensor: (a) clear roadway surface, (b) wet roadway surface (rain), (c)

snow-covered roadway, (d) blank video (NA), and (e) not roadway related (NA).

Frames were extracted at one per second, which gave a roadway weather con-
dition rating every second. Each input image had dimensions of 960 x 752 x 3
pixels and was cropped to examine only the outward-facing views to detect the
roadway surface condition. The cropped frames had dimensions of 600 x 400 x 3

pixels. To align the images with the specifications of the computer vision model,
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these frames were further reshaped to a square format (224 x 224 x 3). Finally, all
of the training frames derived from the 600 video files were inputted into the road-
way vision model for the classification of roadway weather conditions.

A trained annotator was utilized to provide a comparison set. The annotator
categorized roadway surface conditions using the same four distinct roadway sur-

face categories.

3.2. Roadway Weather Model Architecture

A computer vision-based framework known as a vision transformer (ViT) [21]
was employed for the roadway weather classification model. It was trained using
processed and labeled image frames extracted from the one-minute driving video
data. ViTs have recently gained prominence as a potent tool for image classifica-
tion tasks. These models leverage self-attention mechanisms [22] to process input
images in a highly parallelizable fashion, thereby achieving state-of-the-art per-
formance on various benchmarks. Furthermore, the patching of input images en-
ables ViTs to efficiently learn spatial relations between different image regions, a
crucial aspect of precise image classification.

The model’s architecture is illustrated in Figure 2. The ViT model is primarily
composed of an embedding layer and a transformer encoder. The embedding
layer maps the input image into a sequence of one-dimensional tokens, which
are subsequently processed by the transformer encoder. The standard trans-
former takes a sequence of one-dimensional token embeddings as input. To ac-
commodate two-dimensional images, the image x € R”* "~ s reshaped into a
sequence of flattened two-dimensional patches X; € RNX(P*xC) , where (H, W)
is the resolution of the original image, Cis the number of channels, (2, P) is the
resolution of each image patch, and N = HW/P? is the resultant number of
patches. Position embeddings (standard learnable one-dimensional embed-
dings) are added to the patch embeddings to preserve positional information.
The resulting sequence of embedding vectors serves as input to the transformer
encoder. The transformer encoder consists of a series of transformer blocks
(consisting of the multi-head self-attention, norm, and multilayer perceptron
[MLP] blocks [22]), each of which applies a self-attention mechanism to the in-
put sequence, followed by a feed-forward network. The output of the final trans-
former block is a representation of the entire input image, which is used to make
a classification prediction.

The prediction process of the ViT model involves passing the output of the final
transformer block through a classification head, typically composed of a fully con-
nected layer followed by a softmax activation function. The softmax function’s
output signifies the probability distribution across the different classes in the clas-
sification task.

The training of ViT models from scratch requires the availability of substantial
volumes of labeled data, a requirement that can pose significant challenges and

demand a considerable amount of time. However, the presence of preprocessed
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and labeled data can expedite the training process, facilitating the efficient train-
ing of ViT models. Recent studies [23]-[25] have demonstrated that standard ViT
models, when trained with preprocessed and labeled data, surpass their counter-
parts trained on raw data, achieving enhanced accuracy across a variety of image
classification tasks. This underscores the potential applicability of these models in

roadway weather classification tasks.
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Figure 2. Architecture of the vision transformer model.

3.3. Weather Model Training and Fine-Tuning

The ViT model in this study was trained using the annotated training data. The
training procedure incorporated the Adam optimizer [26], with a learning rate
set at 0.05 and a batch size of 256. The input images had dimensions of 224 x
224 x 3 pixels. A weight decay of 2 x 107> was applied, which was observed to be
advantageous for fine-tuning. For the pre-trained backbone, we adopted the
ResNet50 architecture [20] and Dual Path Network (DPN92) [27]. The training
was conducted over a span of 20 epochs. In our specific context, the Adam op-
timizer demonstrated superior performance over stochastic gradient descent
(SGD) [28] for the residual networks (ResNets). The learning rate was managed
by employing a linear warmup and decay strategy, and a momentum of 0.9 was
utilized.

The performance of the trained vision model is illustrated by the confusion ma-
trix in Figure 3, where the diagonal entries denote the percentage of correctly
predicted samples for each roadway weather class and the off-diagonal entries are
the percentage of incorrectly predicted samples. In this matrix, each row repre-
sents the instances in an actual class, and each column represents the instances in
a predicted class. The matrix is normalized by dividing each row of the confusion
matrix by the sum of that row. This gives the proportion of correct predictions for
each class, which can be interpreted as the accuracy of the model for each class.

The diagonal elements represent the percentage of samples for which the pre-
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dicted label is equal to the true label, i.e., the percentage of correctly predicted
samples (accuracy). It was observed that the model was able to accurately (overall
accuracy ~99%) classify the four roadway weather classes based on the input
frame. The F1 scores for the clear, rain, snow, and NA classes are 0.983, 0.986,
0.997 and 0.958, respectively. The off-diagonal entries are the percentage of incor-
rectly predicted samples.

1.0
Clear 0.00045 0.0051
0.8
O
O
8 Rain- 0.0012 0.00089
0.6
>
©
=
©
©
< 0.4
c|)Snow- 0.00073 0.0023 0.00029 )
2
0.2
NA - 0.028 0.0024 0.0035
T .. T __O
Clear Rain Snow NA

Predicted Roadway Label

Figure 3. Normalized confusion matrix of the trained ViT model.

The overall accuracy was calculated as the ratio of the total number of correctly
predicted samples to the total number of samples, as per equation [1]. Further-
more, to validate the model’s predictions, the inference samples were inde-
pendently evaluated by a separate individual. This cross-checking process in-
volved comparing the model’s predictions to the ground-truth labels, thereby

providing an additional layer of verification for the model’s performance.

chorrectly predicted samples
Total samples

Model accuracy = (1)

While transformer-based models typically perform optimally when large train-
ing datasets are available, our results suggest the effective utilization of pre-trained
image models to train on comparatively smaller or decent-sized video datasets

with low resolution.

3.4. Data Quality Analysis

The quality of the driving video data was ensured through a series of filtering steps
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conducted before further analysis of the driving data. The initial step involved
addressing the issue of missing data. Certain video files were found to be cor-
rupted due to various reasons, such as a camera malfunction or blacked-out
screen. These defective video files were excluded from our analysis to maintain
the integrity of the data. We also observed that for a subset of participants, a sig-
nificant proportion of their video duration was categorized as “NA.” Specifically,
for some drivers, more than 50% of their total driving duration over the two-year
study period fell into this “NA” category. To maintain the integrity and relevance
of our data, we made the decision to exclude these drivers from our analysis. This
ensured that our dataset was representative of active driving behavior and condi-
tions, thereby enhancing the validity of our findings.

We also observed instances of poor detection by the vision model, characterized
by an average confidence level of less than 0.5 and a majority of frames falling
below a threshold value of 0.7. To minimize the noise in our analysis, these frames
were discarded. The percentage of these instances of poor detection was very low
(<10% of the entire drive duration).

As a result of these data quality measures, seven participants were removed
from our analysis based on the aforementioned criteria. Consequently, the total
number of participants included in the subsequent analysis was reduced to 70
from the initial count of 77. These data quality measures were implemented to
exclude corrupted video files, poor detection frames, and participants with a sig-
nificant proportion of video classified as “NA” throughout their driving duration.
This approach to data quality ensured that the analysis was conducted on accu-
rate, reliable, and representative data, thereby enhancing the validity and robust-

ness of our analysis.

4. Extraction of Driver Variables for Analysis

A set of driver variables was also gathered or extracted from the NDS data. One
trip by one driver was modeled as one observation. The analysis explicitly focused
on short drives ranging from 0.8 to 16.1 km (0.5 to 10 miles), and some partici-
pants only took part in one of the three-month data collection periods. A total of
21,831 trips were included in the analysis, with information aggregated at the trip
level. Speed control was used as the dependent variable to assess how weather im-
pacted driving. In terms of safety, it was assumed that driving slower than the
posted speed limit or not maintaining speed control poses risks for other drivers.
Based on other literature, as described in Section 1, it was assumed that older driv-
ers would be more likely to slow down during weather events and that differential
impacts would be present between normal and cognitively impaired drivers, since
lack of speed control may also indicate cognitive changes.

Several studies have indicated that impairment is correlated with slower speeds.
Wang et al. [29] assessed NDS data and found that older drivers with cognitive
impairment drove slower than drivers without cognitive impairment, suggesting

that impairment was related to speed control. They also found that drivers with
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visual impairment were less likely to comply with speed limit changes at transition
zones. Feng et al [30] also used NDS data to compare speed control between older
drivers with suspected mild cognitive impairment and those without cognitive
impairment. The metric of interest was speeding, defined as traveling 5 km/h or
more over the speed limit for at least one minute. They found no correlation for
female drivers except for an increase in speeding events, but the rate of speeding
events decreased for older male drivers as age increased.

A description of how data were extracted in this study for each variable is pro-
vided below:

Fraction at Impeding Speed (Dependent Variable): This was calculated as the
fraction of time the subject spent driving at a speed of 16.1 kph (10 mph) or less
below the speed limit. Seconds of driving time spent at traffic intersections or in
parking areas were excluded from the calculation. The average amount of time
spent driving at impeding speeds was 28.4% (standard deviation = 13.0).

Age Group: Drivers were grouped into three categories based on clinical dif-
ferences in elderly subjects as they age [31]. The categories included 65 to 73
(young-old), 74 to 79 (middle-old), and 80 to 90 (old-old). The sample size of trips
reduced for each group was 7,780 for young-old, 7,718 for middle-old, and 6,333
for old-old.

Gender: Drivers self-categorized as male or female. No participants self-identi-
fied as another category.

Cognitive Status: A MoCA score of <26 is the standard cutoff indicating a pos-
itive screen for MCI that shows good discrimination based on clinical diagnosis
[32]. A threshold of 26 was used in this study to provide comparability to the
broader literature. Drivers who screened positive for MCI based on a MoCA score
of <26 were classed as MCI.

Traffic Density: Higher volumes of traffic are expected to impact driver speed
choice, since as volume increases, a driver is constrained by surrounding vehicles.
A measure of traffic density was approximated using peak hour, an indicator of
higher volumes. Consequently, if a trip occurred during traditional peak hours
(6:00 to 9:00 a.m. or 4:00 to 6:00 p.m.), it was considered “peak”; otherwise, it was
considered “off-peak.” Only trips on weekdays were included in the analysis.

Weather-Related Roadway Surface Conditions: Weather-related roadway sur-
face conditions were reduced for each trip using the methodology outlined in Sec-
tion 3. Due to concerns with sample size, the categories of “rain” and “snow” were
aggregated into a single category called “adverse.” Trips where the weather could
not be determined were excluded. The “clear” class was retained as is. A total of
19,609 trips were classified as “clear” and 2,222 were classified as “adverse.”

Subjects: A total of 70 subjects were included in the study.

Table 2 summarizes the variables included in the model. As noted above, MCI
was modeled using MoCA. Individuals were classified as having MCI if their
MoCA score was 25 or lower; otherwise, they were considered normal-aging sub-
jects (MCI = 26+) [32].
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Table 2. Description of variables.

Factor Summaries
Age (Years) Mean = 75.61, SD = 6.02
Gender Female: 33, Male: 37
MoCA Score Mean = 28.8, SD = 2.57
Cognitive Status Year 1 Year 2
MCI 26 24
Normal Aging 36 41
Drives per Subject Mean = 598.1, SD = 272.92
Percentage Driving at Impeding Speed Mean = 28.4, SD = 13.0
Age Group Year 1 Year 2
Young-Old (65 - 73) 22 19
Middle-Old (74 - 79) 26 24
01d-01d (80 - 90) 14 22

5. Analysis
5.1. Description of Model

The dependent variable for the analysis was the proportion of time driving 16.1
kph (10 mph) or more below the speed limit, which was termed “impeding speed.”
This was selected as the driving behavior of interest since there is some evidence
that older drivers drive slower than younger drivers [33], which may increase risk
[34] [35]. It was also assumed that older drivers would slow down disproportion-
ately during adverse weather compared to their younger cohorts. The objective
was to examine the impact of weather conditions on how older drivers with vary-
ing degrees of cognitive impairment adhere to speed limits. The independent var-
iables were described in the previous section.

The proportion of drivers driving at an impeding speed was modeled with beta
regression, a regression model for continuous response variables that are bounded
between 0 and 1, similar to proportions or rates. This makes it particularly useful
for modeling data that represent percentages. The dependent variable follows a
beta distribution, which is flexible enough to model various shapes of data distri-
butions within the (0, 1) interval.

The mean of the response is tied to the linear predictor of the variables through
a link function. Standard link functions include the logit, probit, and log-log,
which relate the mean of the beta-distributed response variable to the linear pre-

dictors. A logit link was used for this analysis, which is defined by
logit (14 ) = Ioglﬁ. (2)

Since logit(z )=, + X" B+ +x{ B =x"T B, £ then

3)
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For this analysis, the mgcv package [36] in R [37] was used. Figure and data
preparation were done with R packages included in the tidyverse library [38].

Different models were compared with the Bayesian information criterion (BIC),
and independent variables with the best fit were selected for the final model.
Model fit was accomplished using residual plots and tools, including response ver-

sus fitted plots, and by checking the outliers among different subjects.

5.2. Results

The variables included in the final model are shown in Table 3 with their corre-
sponding 95% confidence intervals. The variables that resulted in the best fit
model were MCI, age group, traffic density, and weather. The interpretation used
for this model was similar in nature to that used for logistic regression in the ab-
sence of a binary variable. The base level for this model was young-old, clear
weather conditions, normal traffic density, and no MCI. As noted in the table,
interactions are present for all of the relevant dependent variables. Table 3 pre-

sents the model estimates.

Table 3. Beta regression estimates.

95% Confidence

Variable Characteristic Estimate p-Value
Interval
(Intercept) -090 —-099, —082 <0.001
clear Clear — —
Adverse -0.03 -0.10, 0.05 0.480
age_group young-old — —
middle-old -0.03 -0.12, 0.05 0.458
old-old 0.00 -0.10, 0.11 0.932
mci NormalAging — —
McCrT 0.03 -0.04, 0.10 0.372
trafficdensity Off-peak — —
Peak 0.05 0.02, 0.08 <0.001
clear * age_group  Adverse * middle-old 0.05 -0.08, 0.17 0.458
Adverse * old-old 0.06 -0.06,0.17 0.317
clear * mci Adverse * MCI 0.06 -0.06, 0.19 0.334
age_group * mci middle-old * MCI —0.04 -0.13, 0.04 0.327
old-old * MCI —-0.06 -0.14, 0.03 0.182
clear * trafficdensity Adverse * Peak 0.04 —-0.05,0.14 0.380
;i:ffgzzi; middle-old * Peak 001 ~0.04, 0.06 0.686
old-old * Peak -0.07 -0.12, -0.02 0.011
mci * trafficdensity MCIT * Peak -0.04 -0.11, 0.03 0.302
clear * age_group * Adverse * middle-old *
mei MCT -0.08 -0.25, 0.10 0.402
Adverse * old-old *
MCT -0.02 -0.20, 0.15 0.812
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Continued
clear * age_group * Adverse * middle-old *
. —-0.06 -0.22,0.11 0.503
trafficdensity Peak
Adverse * old-old *
0.06 —-0.10, 0.22 0.460
Peak
clear * mci * .
] Adverse * MCI * High -0.06 -0.24,0.12 0.535
trafficdensity
age_group * mci * middle-old * MCI *
. 0.03 —0.05,0.12 0.441
trafficdensity Peak
old-old * MCI * Peak ~ 0.12 0.03,0.21 0.012
clear * age_group * Adverse * middle-old *
. . 0.23 -0.02, 0.47 0.075
mci * trafficdensity MCI * Peak
Adverse ™ old-old * 0.04 0.29,0.22 0.778
MCI * Peak ’ B '
s(subj) <0.001

The impact of the interactions is best described graphically, as shown in Figures
4-6. As noted in Figure 4, the youngest group of older drivers spent less time
driving at impeding speeds (25.1% to 26.9%) and had the least variability. The
confidence interval range for this group was 2.1% to 4.4%. The middle age group
spent the highest amount of time driving at impeding speeds (24.8% to 29.1%)
and had more variability than young-old drivers. Their confidence interval ranges
were from 3.6% to 5.3%. The oldest age group spent more time driving at imped-
ing speeds (25.2% to 28.0%) and had the most variability. Confidence interval
ranges for this group were 4.1% to 5.7%.

In almost all cases, drivers were more likely to drive at impeding speeds during
peak hours than during non-peak hours, which is expected since traffic volumes
are higher and lead to more interactions between vehicles. Additionally, in gen-
eral, all categories of older drivers spent less time below the speed limit when the

weather-related roadway surface was clear than when it was adverse.
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Figure 4. Interaction of cognitive status, traffic condition, and traffic density with a 95%
confidence interval for young-old drivers.
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Interactions between cognitive status, peak period, and environmental condi-
tion for the youngest group of older drivers are shown in Figure 4. During peak
periods, young-old drivers spent nearly identical amounts of time at impeding
speeds regardless of roadway conditions (clear versus adverse) and cognitive func-
tion (normal versus MCI). During off-peak periods, drivers with normal cogni-
tion were slightly more likely to spend more time driving at impeding speeds when
clear conditions were present than when adverse environmental conditions were
present (23.5% versus 24.6%). During off-peak times with clear weather, drivers
with MCI were slightly more likely to drive at impeding speeds than drivers with
normal cognition (25.0% versus 24.6%). The main difference between drivers in
terms of cognitive function was noted for off-peak conditions and adverse weather
conditions. In this scenario, drivers with MCI spent 24.9% of the time driving
below the speed limit while drivers without MCI did so 23.5% of the time.

Results for the middle-old group of drivers are shown in Figure 5. As noted in
the figure, drivers in this age group generally spent more time at impeding speeds
during peak periods than they did during off-peak periods (25.9% to 29.1% com-
pared to 24.8% to 25.4%). During off-peak periods and in clear weather condi-
tions, drivers in this age group with MCI and normal cognition drove similarly.
During off-peak periods and in adverse roadway conditions, middle-old drivers
with normal cognition spent slightly more time at impeding speeds than those
with MCI (22.9% versus 22.6%). Drivers in the middle-old age group showed sim-
ilar patterns for peak periods and clear weather. When adverse roadway condi-
tions were present during peak periods, drivers in the middle-old group with MCI
were more likely to drive at impeding speeds (29.1%) than drivers without MCI
(26.3%).

0.350
0.340
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£0.320

£0310
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0.260 B vci

0.250

0.240

0.230
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0.210

0.200

Fraction of time driving at imped:

Clear Adverse Clear Adverse
Off-Peak Peak

Figure 5. Interaction of cognitive status, traffic condition, and traffic density with a 95%
confidence interval for middle-old drivers.

Results for the oldest group of drivers are shown in Figure 6. Old-old drivers

in general were more likely to drive at impeding speeds during adverse weather-
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related roadway conditions (26.3% to 28.0%) than during clear weather (25.2% to
26.4%). During off-peak periods and in clear conditions, old-old drivers with MCI
were slightly less likely to drive at impeding speeds than those without (23.1%
versus 23.5%). However, in adverse roadway conditions during off-peak periods,
drivers with MCI were slightly more likely to travel at impeding speeds (26.6%
versus 26.3%). During peak periods, old-old drivers with MCI were more likely to
travel at impeding speeds than drivers without (26.4% versus 25.4%). In adverse
weather-related roadway conditions, no difference was noted between drivers of

different cognitive statuses.
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Figure 6. Interaction of cognitive status, traffic condition, and traffic density with a 95%
confidence interval for old-old drivers.

6. Discussion

With aging, the risk of age-related cognitive and visual decline increases and may
impact the ability to drive, increasing the risk of crashes. Adverse weather may be
particularly challenging for older drivers due to their sensitivity to glare and re-
duced visibility, resulting in changes in driving patterns and behavior during ad-
verse weather.

This paper described the results of a study that assessed how drivers in different
age/cognition categories maintained speed control when weather-related roadway
conditions were clear or adverse. The percentage of time during a trip when driv-
ers were <16.1 kph (10 mph) under the speed limit was modeled using NDS data
for a group of drivers aged 65 to 90 in the Omaha, Nebraska, area. Weather-related
roadway surface condition was coded using a video-based system that interpreted
surface conditions from NDS video data.

The proportion of drivers driving at an impeding speed was modeled using beta
regression. The variables that resulted in the best fit model were MCI, age group,
traffic density, and weather-related roadway condition. However, interactions
among the variables were present. Consequently, results were shown graphically

for each age group (young-old, middle-old, and old-old) and for normal drivers
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versus drivers with MCI by peak period and weather condition. The youngest
group of older drivers spent less time driving at impeding speeds (25.1% to 26.9%)
and had the least variability compared to the other two age groups. The middle-
old group spent more time driving at impeding speeds (24.8% to 29.1%) and had
more variability than young-old drivers. The old-old group were the most likely
to drive at impeding speeds (25.2% to 28.0%) and had the most variability.

In general, older drivers were more likely to drive at impeding speeds during
peak hours than during non-peak hours. This makes sense because traffic volumes
during peak periods are higher and drivers are more constrained due to surround-
ing vehicles. Additionally, in most cases, older drivers spent less time below the
speed limit when the weather-related roadway surface was clear than in adverse
conditions. Results indicate that older drivers are impacted by weather conditions
and that those impacts are differential with progressive age. Further, distinct pat-
terns were noted between older drivers with cognitive impairment and drivers
with normal cognition.

Identifying specific areas of risk for older drivers can assist roadway agencies in
understanding how to better address the impacts of this driving population. Ad-
ditionally, measurable differences in driving behaviors may assist caregivers and
medical professionals in identifying cognitive and visual decline as well as provide
information for OEMs to design supportive in-vehicle technology for older driv-

ers at risk due to cognitive and visual impairments.
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