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Abstract

Background: Alzheimer disease and related dementias are increasing worldwide, with early detection during the mild cognitive
impairment (MCI) stage critical for timely intervention. Driving behavior, which reflects everyday cognitive functioning, has
emerged as a promising, noninvasive, and inexpensive digital biomarker when paired with machine learning. However, prior
research has often relied on controlled settings, high-level features, or assumptionsthat fail to capture the sporadic nature of MCl,
leaving a gap in modeling naturalistic driving data for robust early detection.

Objective: Thisstudy aimsto address the limitations of prior work by developing deep learning strategies that leverage driving
data collected in anaturalistic setting as digital biomarkers for early detection of MCI.

Methods: Clinicaly classified participants (8 with MCI and 14 cognitively normal; N=22) drove their persona vehicles under
naturalistic conditions for several consecutive days. A total of 3 participants (2 cognitively normal and 1 MCI) withdrew before
completing the experiments. In-vehicle sensors recorded GPS, accelerometer, and gyroscope signals, which were segmented into
full trips and turning maneuvers. Three modeling strategies were compared: (1) single-view, (2) feature-level fusion, and (3)
model-level late fusion. Classification models were trained and evaluated to assess their accuracy, discriminative ability, and
participant-level performance.

Results: Models using full-trip data consistently outperformed turn-only inputs, with the best-performing model achieving 78%
accuracy and an area under the receiver operating characteristic curve of 77%. Turn-based inputs alone demonstrated limited
discriminative power; however, combining them with trip data through late fusion improved performance, though not beyond
the full-trip baseline. Participant-level analysis indicated that classification accuracy improved with increased data volume, and
trip-wise modeling more effectively captured the episodic nature of M Cl than majority-vote aggregation. A frequency-based risk
score was proposed as an interpretable and flexible output, enabling practical application in clinical and community settings.

Conclusions: Naturalistic driving behavior offers a scalable and noninvasive approach for early cognitive screening. Deep
learning models using full-trip naturalistic driving data show promise for detecting MCI, with fusion strategies providing
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supplementary insights. This framework supports proactive, real-world monitoring of cognitive decline, laying the foundation

for digital health interventions in dementia prevention.

(JMIR Med Inform 2026;14:e83622) doi: 10.2196/83622
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Introduction

Alzheimer disease (AD) and AD-related dementias are a
growing public health concern. In the United States, cases are
projected to reach 13.2 million by 2050, placing a significant
strain on health care systems and caregivers [1-6]. Worldwide,
over 55 million people are affected, with numbers expected to
rise to 152 million by 2050 [5,7-9]. The disease progresses
gradually, beginning with an asymptomatic phase, followed by
mild cognitiveimpairment (MCI) and eventually dementia[10].
MCl isatransitional stage between normal aging and dementia,
involving cognitive but not functional decline[11,12]. Accurate
diagnosis at this stage is vital, as early detection allows timely
intervention to slow progression and manage symptoms[13-16].

Identifying MCI early is chalenging. Current tools, such as
neuropsychological tests or biomarkers such as magnetic
resonance imaging and positron emission tomography, are
clinic-bound, offer only brief cognitive snapshots, and could
be invasive, costly, or impractical for large-scale screening
[5,6,17]. These methods often miss early MCI, as markers
appear later in disease progression [18], highlighting the need
for noninvasive, cost-effective biomarkersthat support frequent
monitoring inreal-life settings[5,6,17,19-22]. Recently, spatial
navigation deficits and driving behavior have emerged as
potential early biomarkers for preclinical AD [23,24]. Tasks
such asdriving engage multiple cognitive functionsin real-world
contexts, and even mild impairments can lead to detectable
changes in driving patterns [5,6,19,25]. Research shows that
older adultswith preclinical AD or MCI may limit their driving
range, make more navigation errors, and drive more cautiously
than cognitively normal peers [25,26]. These driving changes
have been linked to AD biomarkers such as elevated amyloid
and tau, even when standard cognitive tests are normal
[25,27,28]. Notably, such changes can be detected by machine
learning (ML) models using in-vehicle sensor data, as
demonstrated in studies such as LongROAD [25] and GPS
driving [19]. These studies show that ML can accurately identify
individuals with MCI or preclinical AD by analyzing patterns
in driving behavior such as speed, accel eration, and route choice,
often outperforming conventional tools [5,6,19,25], while
showing potential for real-time cognitive monitoring through
everyday driving.

Despite encouraging progress, ML-based driving diagnostic
systems still face key challenges. Many studiesrely on simple,
high-level features such astrip frequency and duration [19,25],
overlooking nuanced indicators such as turn velocity,
acceleration patterns, and path deviations that more directly
reflect cognitive function. Furthermore, monthly driving records
are treated as independent, even when from the same driver,
risking data leakage and inflating performance by allowing
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driver-specific patterns to appear in both training and testing
sets. Although recent work hasincorporated richer features such
asmetabolic rate and ensured proper train-test separation [5,6],
those studies were conducted in controlled settings with
predefined routes, limiting real-world applicability. Additionally,
most approaches rely on summary statistics and classical ML
models, missing the potential of more powerful deep learning
time-series classification techniques. Finally, conventional
evaluation frameworks assume MCI symptoms appear
consistently across trips, whereas studies have shown that
cognitive performance in MCI can vary markedly from day to
day, highlighting its sporadic nature [29-31]. Individuals with
MCI may only show impairment in aminority of trips, leading
models to misclassify them as cognitively normal, yet even
occasional MCl-liketrips could still serve as an early indicator
of cognitive decline.

To address these limitations, this study proposes a new
framework that improves both data representation and model
evaluation. It shifts from artificia test settings to naturalistic
driving by equipping participants persona vehicles with
tracking devices and allowing severa days of norma driving,
capturing real-world cognitive function. Instead of treating each
participant's data as a uniform whole and relying on
majority-based classification, the model adopts a granular,
context-aware approach, evaluating each trip and turn
individually to detect episodic impairments, consistent with the
sporadic nature of MCI. Rather than delivering a binary
diagnosis, it identifies subtle changes over time and flags
individuals for further evaluation, enabling proactive cognitive
health monitoring. The framework aggregates binary trip- and
turn-level classifications over time to enable longitudinal
monitoring and transforms them into a continuous,
participant-level risk score (eg, the proportion of trips flagged
as impaired). This frequency-based risk score provides a
nonbinary, dynamic measure that reflects gradua cognitive
change and supports proactive follow-up rather than a 1-time
diagnostic label. Specifically, the framework includes atargeted
feature-extraction pipeline that segments time-series datafrom
full trips and cognitively demanding turning maneuvers,
producing 2 complementary multivariate inputs. Deep learning
architectures are then evaluated under 3 paradigms: (experiment
1) single-view modeling of trips and turns, (experiment 2)
feature-level fusion, and (experiment 3) model -level late fusion
using dual encoders. This design is guided by 3 key research
questions.

For research question 1 (RQL), effectiveness in naturalistic
settings, can driving-based digital-biomarker strategies that
showed promise in previous controlled environments [5,6]
remain effective amid the noise and variability of day-to-day,
real-world driving?
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For research question 2 (RQ2), data handling and representation,
what preprocessing and feature-extraction pipeline best
transforms raw multisensor driving streams into informative
inputs for deep learning?

For research question 3 (RQ3), optimal modeling strategy under
data constraints, given current dataset limitations, but also
anticipating richer data in future studies, which learning
paradigm offers the most robust path forward? To answer this,
we decompose this question into three comparative
subquestions:

1. Single-view baselines: How well can early MCI be detected

when trips and turns are modeled independently?

2. Early (data-level) fusion: Doescombining trip and turn data
at the feature level improve over the best single-view
model?

3. Late (mode-level) fusion: Can merging latent

representationsfrom trip and turn encoders outperform both
single-view and early-fusion models?

Al-Hindawi et al

The remainder of this paper is organized as follows. The
Methods section describes this study’s design, materials, and
methods used to devel op the framework, and the experimental
methodology. The Results section presents the outcomes of the
conducted experiments. The Discussion section discusses the
findings and concludes the paper.

Methods

Study Design

Figure 1 presents an overview of the proposed methodology,
which includes participant recruitment with expert cognitive
classification, sensor-based driving data collection,
preprocessing, feature engineering, and model training and
evaluation. Raw sensor streams were cleaned, synchronized,
and segmented into 2 complementary multivariate time-series
datasets. full-trip sequences and turning maneuvers, used as
inputs for subsegquent experiments.

Figure 1. Overview of the adopted methodology, illustrating the sequential steps from participant recruitment to model training and evaluation. N

denotes the number of samples (trips or turns), C the number of sensor channels, and L ;
turn time-series inputs, respectively. MCI: mild cognitive impairment; MTS:
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Study Participants

To ensure accurate data interpretation, participant diagnoses
were conducted in collaboration with aneurologist specializing
in AD. Based on cognitive assessments, 13 participants were
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classified as cognitively healthy and 8 as having MCI. This
grouping enabled structured comparison of driving behavior
between cognitively hormal and impaired individuals. Table 1
summarizes the demographic and medical diagnoses of the
participants.
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Table 1. Participant demographics and group classification: this study included 21 older adults (ages 65-85 y), with 11 male and 10 femal e partici pants.
Medical evaluations classified 13 as cognitively healthy and 8 as having MCI2

Participant numbers Age(y) Sex Clinica condition
Participant 1 78 Male MCI
Participant 2 80 Male Healthy
Participant 3 70 Male Healthy
Participant 4° 72 Female Healthy
Participant 5 73 Female Healthy
Participant 6 74 Mae MCI
Participant 7 7 Female Healthy
Participant 8 87 Female Healthy
Participant 9 85 Female Healthy
Participant 10 82 Female MCI
Participant 11 71 Female Healthy
Participant 12 72 Female MCI
Participant 13 65 Male MCI
Participant 14° 75 Mae Healthy
Participant 15° 7 Female MCl
Participant 16 76 Male Healthy
Participant 17 75 Female MCI
Participant 18 83 Male Healthy
Participant 19 76 Male MCI
Participant 20 80 Female Healthy
Participant 21 79 Male Healthy
Participant 22 75 Male Healthy

M CI: mild cognitive impairment.

bpartici pants withdrew before completing the experiment, leaving insufficient data for their inclusion in the final analysis.

Asshown inthetable, this study focused on naturalistic driving
performance in adults aged 65-85 years, agroup at higher risk
for cognitive decline. Further, 21 participants were initially
recruited, but 3 participants (participants 4, 14, and 15) withdrew
before completing the driving experiment, leaving insufficient
datafor analysis.

Smart Vehicle Telematics System

Each participant’s personal vehicle was fitted with a BitBrew
on-board diagnostics (OBD) datalogger to continuously record
naturalistic driving behavior (Figure 2). This advanced
telematics deviceintegrates 3 sensors. GPS, accel erometer, and
gyroscope. Together, they capture vehicle location, movement,
and dynamic behavior, enabling comprehensive real-world
driving analysis.

The GPS module tracks the vehicle's location and speed,
recording longitude and latitude coordinates and measuring
speed in meters per second (m/s) at a frequency of 1 Hz (1

https://medinform.jmir.org/2026/1/e83622

update per second). The accelerometer captures linear
acceleration along 3 axes: longitudinal (forward and backward),
lateral (side to side), and vertical (up and down), in m/s2. It
detects events such as harsh braking, rapid acceleration, and
sharp turns, operating at 24 Hz for high-resolution motion
detection. The gyroscope measures angular velocity in radians
per second (rad/s) around 3 axes. pitch (tilting forward and
backward), roll (tilting side to side), and yaw (rotational
movement around the vertical axis). This sensor operates at 24
Hz and provides data on lane changes, skidding, and rollovers.

Participants drove their vehicles freely with no specific
instructions, alowing for natural capture of daily driving
behavior. Table 2 summarizes the driving periods for each
participant, including start and end dates and total duration. All
data from the OBD logger was transmitted to an AWS S3
(Amazon Web Services Simple Storage Service) bucket for
cloud-based storage and analysis.
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Figure 2. Overview of the data collection system used in the naturalistic driving study. AWS S3: Amazon Web Services Simple Storage Service; OBD:

on-board diagnostics.
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Table 2. Naturalistic driving test periods for study participants, detailing the start and end dates along with the duration (in days) for each observation

period.
Participant number Start date End date Duration (d)
Participant 1 March 29, 2023 April 7,2023 9
Participant 2 April 13, 2023 April 20, 2023 7
Participant 3 May 4, 2023 May 11, 2023 7
Participant 4 _a — —
Participant 5 May 19, 2023 May 26, 2023 7
Participant 6 May 26, 2023 June 2, 2023 7
Participant 7 June 2, 2023 June 9, 2023 7
Participant 8 June 30, 2023 July 7, 2023 7
Participant 9 July 7, 2023 July 14, 2023 7
Participant 10 July 14, 2023 July 21, 2023 7
Participant 11 July 21, 2023 July 28, 2023 7
Participant 12 August 15, 2023 August 21, 2023 6
Participant 13 September 15, 2023 September 22, 2023 7
Participant 14 — — —
Participant 15 — — —
Participant 16 August 25, 2023 September 8, 2023 14
Participant 17 August 25, 2023 September 8, 2023 14
Participant 18 September 22, 2023 September 29, 2023 7
Participant 19 September 29, 2023 October 6, 2023 7
Participant 20° October 10, 2023 January 20, 2024 86
Participant 21 October 10, 2023 October 27, 2023 17
Participant 22 October 27, 2023 November 3, 2023 7
ot available.

BPartici pants did the experiment over 2 periods (October 10, 2023, to October 27, 2023, and November 12, 2023, to January 20, 2024).
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Naturalistic Driving Data Collection, Cleaning, and
Preprocessing

This naturalistic driving study was conducted in Tempe,
Arizona, and extended to nearby cities, including Phoenix,
Glendale, Chandler, Scottsdale, and Mesa. Participants drove
their personal vehicles, each equipped with a BitBrew OBD
data logger, which passively recorded real-world driving
behavior. The system continuously captured GPS location,
accel erometer, and gyroscope data during each session, enabling
acomprehensive analysis of driving patterns without imposing
specific instructions or restrictions.

Recorded routes spanned a wide range of road types such as
residential streets, highways, and urban roads. The dataset
included a variable number of trips per participant, with
differences in trip length, duration, and driving conditions
reflecting the complexity of real-world behavior. However,
sensor datawas not always consistent across modalities for the
same participant due to device malfunctions, intermittent
failures, or temporary disconnections. These issues sometimes
caused sensors to stop mid-trip, fail to initiate, or record out of
sync, resulting in incomplete or misaligned data. To address
these challenges, astructured preprocessing pipelinewas applied
to ensure that only high-quality, reliable, and synchronized
driving records were retained for subsequent analysis.

https://medinform.jmir.org/2026/1/e83622
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Thefirst step in preprocessing involved segmenting individual
trips from the continuous sensor data stream. Timestamps from
the accel erometer, GPS, and gyroscope were analyzed to identify
gaps between recordings. If the time difference between
consecutive points was less than 1 minute, the data was treated
as part of the same trip. Gaps exceeding 1 minute marked the
start of anew trip. After segmentation, the data were organized
into participant-specific folders, with separate subfolders for
each sensor and individual CSV filesrepresenting distinct trips.

Although segmentation provided structure, several data quality
issues emerged. Sensor malfunctions led to missing data, and
differences in recording frequency created synchronization
challenges. The accelerometer and gyroscope recorded at 24
Hz, while the GPS operated at 1 Hz, resulting in mismatched
data lengths. To resolve this, a cleaning process was applied.
A mismatch check flagged any case where the number of trips
differed across sensors. When discrepancies were found, the
system logged debugging information and excluded incompl ete
trips. Data from all sensors was merged using shared time
attributes such as day, month, hour, and minute. Trips with
missing values were flagged, stored separately, and excluded
from further analysis. Only complete and synchronized trips
were retained. Table 3 shows the number of trips kept for each
participant after preprocessing.
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Table3. Number of tripsretained per participant after data cleaning and synchronization. Due to sensor malfunctions, missing data, and synchronization

issues, the total number of trips was reduced.

Participant number

Number of trips recorded by each sensor

Accelerometer GPS Gyroscope
Participant 1 28 28 28
Participant 2 18 18 18
Participant 3 30 30 30
Participant 4 _a — —
Participant 5 46 46 46
Participant 6 21 21 21
Participant 7 39 39 39
Participant 8 6 6 6
Participant 9 11 11 11
Participant 10 11 11 11
Participant 11 21 21 21
Participant 12 3 3 3
Participant 13 13 13 13
Participant 14 — — —
Participant 15 — — —
Participant 16 10 10 10
Participant 17 11 11 11
Participant 18 11 11 11
Participant 19 4 4 4
Participant 20 126 126 126
Participant 21 6 4 6
Participant 22 24 24 24
ot available.

Features, Engineering, and Turning Maneuver s Data
Extraction

Turning Maneuvers Data Extraction

Turning a vehicle is a cognitively demanding task involving
decision-making, divided attention, working memory, processing
speed, and spatia orientation. Thesefunctionsare oftenimpaired
inindividuals with MCI and may serve as early biomarkersfor
AD. Following prior studies[5,6], thiswork focuses on turning
maneuvers, which have shown potential in detecting cognitive
declinein standardized controlled experiments. Unlike previous
research, this study uses naturalistic driving, where participants
follow their routine behavior without instructions. This
introduces additional noise into the data, allowing us to test
whether turning-related features remain informative under
real-world conditions.

Turning detection required converting GPS coordinates from
latitude and longitude into Cartesian coordinates for accurate
geometric and kinematic analysis. The transformationsused are
shownin equations 1 and 2. Given apoint on the Earth’s surface

https://medinform.jmir.org/2026/1/e83622

with latitude O and longitude A, the x and y coordinates were
calculated as:

x =R .cos(P).cos(4) (1)
¥y =R .cos(®).sin(1) (2)

where R isthe Earth’sradius (approximately 6371 km), and [
and A are expressed in radians.

To identify turning maneuvers, the peak point of each arc path
was detected by analyzing the rate of change in x and y
rectangular coordinate arrays. By computing thefirst derivative
(dy/dx), the directional changes were captured, with abrupt
gradient shifts indicating deviations from straight paths. To
filter out gradual curves, various thresholds were tested. It was
found that a gradient of 10 degrees (0.174533 radians) reliably
captured meaningful turns. However, relying on the gradient
alone produced occasional errors. Points where dx=0, resulting
in undefined gradients, were discarded. Additionally, turn stamp
pointswith 0 speed, which typically corresponded to stationary
periods rather than active maneuvers, were also excluded.
Further refinement addressed redundant peak detectionswithin
a single turn. In some cases, multiple nearby peaks were
incorrectly classified as separate turns. To resolve this, a
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smoothing approach was applied. Sequential turn points were
merged and replaced by their median index, reducing overlap
and ensuring 1 peak per turn event. Once peaks wereidentified,
all surrounding points were extracted by applying a temporal
window. Based on empirical observations, aturn maneuver was
identified by including all sensor readings occurring 15 seconds

Al-Hindawi et al

before and after the peak point. Accelerometer and gyroscope
readings were downsampled to align with the 1 Hz GPS rate
by averaging every 24 readings from the higher frequency
sensors. Figure 3 illustrates an example of turns extracted from
asampletrip.

Figure 3. Illustration of the turn maneuver detection process. The leftmost map represents the original trip path recorded using GPS data. The middle
section highlights detected turning maneuvers, marked by red dots, which were identified based on changesin trgjectory. The rightmost section zooms

in on extracted turn segments, showing detailed turning paths.
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Features Engineering (Radial Acceleration)

An additional engineered feature wasradial acceleration, which
captures how sharply and assertively a driver navigates turns.
Higher radial acceleration values may indicate sharper bends
or faster speeds, while rapid fluctuations within a maneuver
suggest frequent microadjustmentsin steering and speed. These
patterns can reflect reduced motor control and cognitive
instability. Radial acceleration was computed by taking the
temporal gradient of the gyroscope data along the X, Y, and Z
axes. This provided acontinuous measure of changesin angular
velocity over time, enriching the representation of driver motion.
Equations 3-5 show the computation for each axis:

https://medinform.jmir.org/2026/1/e83622

Q

a, = (dw,/dt)

o, = (dw,/dt) (Aw, /AY) (4)

o, = (dw,/dt) ~ (Aw,/At) (5)
Table 4 summarizesthefinal set of 10 featuresused in theinput
tensor for all models. Each feature represents a specific aspect
of motion captured by the GPS, accelerometer, or gyroscope
sensors. The Gyro_X_Acc, Gyro_Y_Acc, and Gyro Z Acc

variables correspond to the angular accelerations derived from
the temporal derivatives of the gyroscope signals.

(Ao, /AY) (3)

Q

Q
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Table 4. Final set of sensor-based features used in the dataset. The table lists the 10 input channels used across all experiments. Each feature captures
adifferent dimension of vehicle motion using raw or derived signals from speed, accelerometer, and gyroscope sensors.

Feature or channel Description

Speed Vehicle speed measured in meters per second (m/s)

Acc X Linear acceleration along the vehicle's longitudinal axis (forward/backward)
Acc Y Linear acceleration along the lateral axis (side-to-side motion)

Acc Z Linear acceleration along the vertical axis (up or down motion)

Gyro_X Angular velocity around the x-axis (roll rate)

Gyro_ Y Angular velocity around the y-axis (pitch rate)

Gyro Z Angular velocity around the z-axis (yaw rate or heading change)
Gyro_X_Acc Angular acceleration around the x-axis, derived from Gyro_X

Gyro_Y_Acc Angular acceleration around the y-axis, derived from Gyro_Y

Gyro_Z_Acc Angular acceleration around the z-axis, derived from Gyro_Z

Multivariate Time Series Data For mulation

This study used 2 datasets. one capturing entire trip readings
and another focused on turning maneuvers. Both were formatted
as multivariate time series to preserve the sequential nature of
driving behavior. Depending on the dataset, each row
represented either a full trip or a turn, and each sensor served
as a separate time-dependent variable. To standardize input
lengths for model training, segquences were aigned and
resampled through interpolation, ensuring uniform temporal
resolution across samples.

Time Series Alignment and I nterpolation

Trip and turn durations varied widely across drivers, requiring
apreprocessing step to standardize time serieslengths. Without

it, inconsistent sequence sizeswould hinder the model’s ability
to learn temporal patterns. To address this, interpolation was
applied to resample al sequences to a fixed number of time
points. To select the optimal length, different resolutions were
tested by plotting samples and eval uating the balance between
data redundancy and information loss. Alignment and
interpolation were applied separately to thetrip and turn datasets
to maintain consistency within each.

For the trip dataset, the distribution of raw sequence lengths
(Figure 4) was analyzed, and atarget that preserved most trips
without excessive compression was selected. This choice was
further validated by visually inspecting sensor signals before
and after resampling, confirming that key tempora patterns
were retained. Based on this process, a fixed length of 1200
points was selected for the trip dataset.

Figure 4. Distribution of trip lengths in the raw dataset. Each bar represents the number of trips with a given sequence length (in time steps). The
histogram was used to inform the selection of a standardized interpolation length that balances coverage and temporal resolution.
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For the turning maneuvers dataset, the extraction process
described in Turning Maneuvers Data Extraction produced
segments with a standardized length of 31-time steps by
centering each around the turn midpoint and including a fixed
number of points before and after. In most cases, this window
wasfully available, making interpol ation unnecessary. However,
inrare edge cases, such asturns at the very start or end of atrip,
the available context was limited, resulting in shorter segments.
These wereinterpolated to ensure consistency acrossthe dataset.

Al-Hindawi et al

Final Data Representation

After interpolation, al sensor streams were consolidated into a
single structured format. Each trip or turn was represented as a
3D tensor with dimensions N x C x L, where N is the number
of trips or turns, C is the number of channels (sensors), and L
is the standardized segquence length. Each row corresponds to
a distinct trip or turn, columns represent the sensor channels
(eg, speed), and the entries hold the sequential readings for the
interpolated time steps. Figure 5 shows how all sensor datawere
aligned and merged into this final format.

Figure 5. Representation of the MTS dataset structure used. Each row corresponds to either an entire trip or a turn, depending on the dataset. The

dataset is formatted as a 3D tensor with dimensions (trip or turn, channels

[sensors], and sensor readings). MTS: multivariate time series.
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Experiments

This section describesthe experimental setup and methods used
to analyze driving behavior and classify participants based on
cognitive status. We hypothesize that naturalistic driving
containsdigital signaturesthat can support early MCI detection.
The central question ishow to best process and model this data
to maximize predictive performance. To explore this, we
designed 3 experiments based on the same source of driving
data but varying in input representation and modeling strategy.
By decomposing the problem along 2 dimensions, what part of
the data to use (entire trip vs turns) and how to architect the
model (single vs multipleinputs or models), we aim to identify
which configurations most effectively preserve behavioraly
relevant information.
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Three main architecture families were used: 1D convolutional
neura networks (1D-CNNs), recurrent neural networks (RNNs),
and temporal convolutional networks (TCNSs); because they
align well with the characteristics of naturalistic driving data,
which are multivariate, sequential, and temporally dependent.
1D-CNNswere selected for their ability to detect short, localized
motion patterns such asrapid accel erations or turning dynamics,
RNNSs were included to capture longer behavioral trends that
unfold over an entiretrip; and TCNswere chosen for their ability
to model both short- and long-range dependencies efficiently
and robustly. Variants within each family (eg, lightweight
1D-CNNsand attention-based RNNs) were explored to identify
which architectural style best captures early MCI-related
temporal signaturesin real-world driving behavior.
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All modelsweretrained using aunified configuration to ensure
comparability across experiments. The loss function was
standard cross-entropy with class weighting applied when
needed to address class imbalance. Standard scaling
normalization was applied where indicated in the tables.
Optimization was performed with AdamW using alearning rate

of 1x10~% and a weight decay of 1x10™. A cosine annealing
learning-rate scheduler with T ., equal to the number of epochs

Al-Hindawi et al

was used to promote stable convergence. Training was
conducted with abatch size of 32 for 200 epochs (reduced from
500 after observing convergence before epoch 200). Dropout
was applied only when specified by the architecture variant, as
detailed in the appendices.

Table 5 summarizesthe details of the experiments, while Figure
6 illustrates the modeling strategies in each.

Table5. Summary of experimental setups showcasing the data source, feature representation, and modeling paradigm. Sensor channelsinclude speed,
linear accelerations (X/Y/Z), angular velocities (X/Y/Z), and derived angular accelerations (X/Y/Z).

Experiment Data source Feature representation (input to model) Predictive-modeling strategy

1@ Entire trip only Multivariate time series (10 raw sensor chan-  gingle-view deep models (1D-CNN? RNNP,
nels) and TCNC variants)

1(b) Turning maneuvers only Multivariate time series (same 10 channels, Single-view deep models (1D-CNN, RNN, and
windowed around turns) TCN variants)

2 Trip and turn signals (concatenat- Feature-level fusion (20-channel time series)  Single model (1D-CNN, RNN, and TCN)

ed) trained on fused input
3 Trip and turn signals (separate) Two parallel 10-channel time series Dual encoders with late fusion

#1D-CNN: 1D convolutional neural network.
PRNIN: recurrent neural network.
®TCN: temporal convolutional network.

Figure 6. Overview of the data formulation and experimental paradigms. The left side shows the data formulation that produces the 2 multivariate
inputs used in this study: the entire-trip sensor readings (green) and concatenated turn-segment readings (blue). The right side summarizes how the
produced data are used in our experiment, which consists of 3 modeling paradigms: Exp 1 (single-view models trained on trips or turns separately),
Exp 2 (feature-level fusion of the 2 inputs), and Exp 3 (dual encoders with late fusion).
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Experiment 1. Single Data Representation With Single
M odel

This experiment evaluates the effectiveness of using a single
type of input, either full trips or turn segments, modeled
independently (Figure 6). All input data was treated as a
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multivariate time series and interpol ated to afixed length using
10 sensor channels. For each data type, various model
architecturesweretested, including 1D-CNNs, RNNs, and TCNs
(details in Multimedia Appendix 1). In the full-trip setting
(experiment 1(a)), each trip was used as a standal one sequence
to capture broad driving behavior. In contrast, the turn-only
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setting (experiment 1(b)) focused on concatenated turn
segments. This experiment isolated a specific behavior
substructure to examine whether it holds predictive power on
its own.

Experiment 2: Combined I nput With Single M odel
(Data Fusion)

In this experiment, feature-level fusion was explored by
combining full-trip and turn-based inputs into a single tensor,
as illustrated in Figure 6. Sensor readings from 10 channels
were extracted for the entire trip and interpolated to a fixed
length of 1200 time points (L, ) to ensure consistency.
Separately, all turn segments from each trip were concatenated
and interpolated to the same length (L; =1200), despite
variability in the number of turns acrosstrips. After alignment,
both sequences were concatenated al ong the channel dimension,
resulting in aunified tensor with shape (N, C=20, and L=1200),
where N denotesthe number of tripsand C includes 10 channels
from the trip data and 10 from the turn data. Asin experiment
1, a range of model architectures was evaluated, including
1D-CNNs, RNNs, and TCNs, using the fused input. The
objective was to assess whether the joint modeling of global
and localized driving behavior could improve classification
performance. Further architectural details are provided in
Multimedia Appendix 2.

Experiment 3: Separatelnputsand ModelsWith Late
Fusion (M odel Fusion)

In the final experiment, a model fusion approach was adopted.
Separate models were trained independently on the trip-level
and turn-level data. As shown in Figure 6, atotal of 2 distinct
datasets were prepared for each trip. In the upper branch, the
complete 10-channel sensor stream was resampled to a fixed
length of L points and passed to encoder 1, where a latent
representation of global driving behavior was learned. In the
lower branch, all turning maneuvers for the same trip were
concatenated, and the resulting sequence was standardized to
L, points (which differed from L; ) before being input to
encoder 2.

Encoderswere selected from 3 architectural families, 1D-CNN,
RNN, or TCN (for example, Dua TinyFCN, DualGRU, and
DuaTCN), and were trained with separate weights. The latent
vectors from both encoders were combined using alate fusion
classifier. This allowed the model to integrate complementary
global and local driving features while maintaining the
independence of each encoder. Further model details are
provided in Multimedia Appendix 3.

Modée Training Framework

Thetraining framework for al experimentsfollowed astructured
procedure. The process began with data preprocessing, where
theturning maneuvers dataset wastransformed into a3D tensor
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representation with dimensions (N, C, and L). To evaluate the
model’s performance in distinguishing between cognitively
healthy individuals and those with MCl, a7-fold interparticipant
cross-validation strategy was implemented. Given the limited
sample size, no independent test set was used. Instead,
interparticipant cross-validation was adopted to maximize data
use while ensuring that the eval uation remained unbiased. Each
fold contained a unique set of participants for testing, with the
remaining participants used for training, ensuring that no
individual appeared in both sets and thereby eliminating any
risk of dataleakage across folds.

Stratification was handled at the participant level. Each fold
maintained an equal ratio of cognitively normal to MCI
participantsin the validation set. Asthe models operated on trip
or turn-level data (rather than directly on participants), it was
not possible to simultaneously stratify the trip or turn samples
and preserve dtrict participant separation. We therefore
prioritized participant-level stratification, asit providesamore
reliable measure of generalization to unseen drivers, even though
the resulting number of trips or turns per class could become
imbalanced across folds. To mitigate any resulting class
imbalance, balanced accuracy was reported alongside overall
accuracy, area under the receiver operating characteristic curve
(AUC), precision, and recall to provide a fairer assessment of
performance across both diagnostic groups.

Once the dataset was partitioned, each model was trained on
the training folds and evaluated on unseen participants in the
validation fold. The average metricsacrossall 7 foldswere used
to report the final performance.

Evaluation Metrics

To assess the performance of the ML models, multiple
eval uation metrics were used. Given the classimbalance in the
dataset, relying solely on accuracy could be misleading.
Therefore, we used a combination of accuracy, balanced
accuracy, AUC, precision, and recall to provide acomprehensive
eva uation of model effectiveness.

Accuracy measuresthe overall proportion of correctly classified
instances, but can be biased when the dataset is imbalanced.
Balanced accuracy addresses this issue by computing the
average recall across both classes, making it a more reliable
metric for evaluating performance in cases where 1 class is
underrepresented. AUC provides an indication of the model’s
ability to distinguish between the 2 classes, with higher values
indicating better separability. Precision quantifiesthe proportion
of positive classifications that are actually correct, which is
particularly important in minimizing false positives. Recall, on
the other hand, measuresthe model’s ability to correctly identify
positive instances, ensuring that individuals with MCI are
accurately detected. The formulas used for computing these
metrics are summarized in Table 6.
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Table 6. Evaluation metrics and their mathematical formulations.

Al-Hindawi et al

Metric Formula?® Description

Accuracy L_Thamh Proportion of correctly classified instances out of all cases.

Balanced accuracy LY - Average recall for both classes, accounting for imbalances.

AUCP Computed from the ROCE curve Measures the model’s ability to distinguish between classes.

Precision e Proportion of correctly identified positive cases among predicted
positives.

Recall (sensitivity) L4 Proportion of actual positives correctly classified by the model.

TP+ FN

8FN: false negative, FP; false positive, TN: true negative, TP: true positive.
BAUC: areaunder the receiver operating characteristic curve.
“ROC: receiver operating characteristic.

Ethical Considerations

A total of 22 participantswereinitialy recruited, informed about
the study, and provided written consent. This study was
approved by the Institutional Review Board at Arizona State
University (STUDY 00006547).

Participant privacy and confidentiality were strictly maintained
throughout this study. All data were deidentified using unique
participant identification codes, and no personally identifiable
information was included in any analyses or publications.

Participants received no financial compensation for their
participation.

Results

This section reports the performance of the 3 experimental
paradigms, single-view modeling (experiment 1), feature-level
datafusion (experiment 2), and model-level fusion (experiment
3), evaluated with 7-fold, participant-stratified cross-validation.
For every experiment, we averaged accuracy, balanced accuracy,
AUC, precision, recall, and F;-score across folds.
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Experiment 1 Results

Experiment 1 examined whether early MCI signals could be
more effectively captured from full-trip data or from isolated
turning maneuvers when model ed independently. To provide a
performance reference, anontemporal baseline model wasfirst
implemented using summarized trip-level statistics from the
rav sensor data. For each trip, the mean and SD of the
accelerometer (X, Y, and Z), gyroscope (X, Y, and Z), and speed
signals were computed, resulting in 14 static features. These
features were used to train a random forest classifier,
representing a simple benchmark based on conventiona
telematics features used in earlier driving and
coghitive-monitoring studies [19,25]. Table 7 summarizes the
cross-validated results for 21 single-view models. The full-trip
experiment (1(a)) consistently outperformed the turn-only
experiment across all tested architectures. The best performance
was achieved by a lightweight convolutional model (TinyFCN
without normalization but with classweighting), reaching 78.3%
accuracy, 73.6% balanced accuracy, and an AUC of 76.7%.
Other strong performersincluded deeper convolutional models
(InceptionTimeSmall) and  attention-enhanced  recurrent
networks (gated recurrent unit, GRU + Attn), suggesting that
both paradigms can leverage the extended temporal context of
full trips. Channel normalization was found to make results
Worse.
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Table 7. Cross-vaidation results for all experiments. Metrics are averaged over 8 folds.

Accuracy BA? AUC®  Precision Recall F1-score
Experiment Model Normalize Weights (%) (%) (%) (%) (%) (%)
Baseline REC Yes _d 55 49 52 33 20 25
1(a) 1D-CNN® No No 73 63 62 57 72 63
13 GRU No Yes 73 699 739 63 75 60
1(a GRU and attention No Yes 7 69 66 64 79 699
1(a) GRU and multiattention No Yes 71 69 65 57 g3h 64
1(a) Inception lite Yes Yes 59 61 56 47 80 54
1(a) Inception lite No Yes 68 65 60 63 64 53
1(a) InceptionTimeSmall Yes Yes 69 69 69 65" 67 58
1(a) InceptionTimeSmall No Yes 789 66 64 699 71 65"
1(a) LSTM! No Yes 69 69 64 56 78 59
1(a) ResNet TSC Yes Yes 65 66 64 52 82 60
1(a) ResNet TSC No Yes 77" 67 65 57 73 63
1(a) TCNK No Yes 71 60 59 52 68 57
1(a) TCN and attention No Yes 58 58 62 47 869 56
1(a) TinyFCN Yes No 73 63 62 57 72 63
1(a) TinyFCN Yes Yes 72 66 64 65 73 62
1(a) TinyFCN No Yes 789 749 779 65h 66 64
1(a) Tiny TCN Yes Yes 63 64 65 51 76 57
1(a) Tiny TCN No Yes 64 60 58 48 82 57
1(b) 1D-CNN No No 63 54 53 44 30 34
1(b) TinyFCN Yes Yes 63 56 58 44 53 46
1(b) TinyFCN No Yes 59 57 59 42 64 47

3BA: balanced accuracy.

PAUC: areaunder the receiver operating characteristic curve.

°RF: random forest.

dNot available.

€1D-CNN: 1D convolutional neural network.

fGRU: gated recurrent unit.

9The second best values.

P The best values.

ILSTM™: long short-term memory.

ITSC: time series classification.

kTeN: temporal convolutional network.

In contrast, the turn-only experiment 1(b) showed significantly
lower performance. The best model in this setting, TinyFCN
with normalization, reached only 62.7% accuracy and 56.3%
balanced accuracy, a decline of about 16 percentage points
compared toitstrip-level counterpart. Precision dropped below
45% in most turn-only models, indicating insufficient
discriminative power in short maneuver windows. Some
architectures (eg, TCN + Attn) achieved high recall (up to
86.4%) by overpredicting the positive class, but at the cost of
precision and balanced accuracy. Due to the weak performance

https://medinform.jmir.org/2026/1/e83622

of turn-only models, subsequent experiments focused on
configurationsthat included turn dataonly in combination with
full-trip data, either through feature-level fusion (experiment
2) or model-level fusion (experiment 3). This decision avoided
further computational investment in asetting that showed limited
utility for early AD detection under naturalistic conditions.

Overall, experiment 1 demonstratesthat global driving behavior
acrossfull trips offers substantially more predictive information
than isolated turning maneuvers. Among al architectures,
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compact convolutional models such as TinyFCN provided the
best balance of performance and efficiency, while recurrent
models with attention were also competitive. The performance
of full-trip TinyFCN (accuracy =78%, AUC =77%) serves as
the baseline for subsequent fusion experiments.

It is important to note that earlier studies [5,6] identified
turn-specific kinematic features as promising biomarkers for
MCI. However, those findings were obtained in controlled
environments, where participants drove short, predefined routes
under standardized conditions. In such settings, turn segments
are clearly defined, confounding variables are minimized, and
behavioral comparisons are more reliable. In contrast, the
present study analyzed turning maneuvers within naturalistic,

Al-Hindawi et al

long-distancetripsthat varied widely in road conditions, traffic,
and route design. As a result, turn segments were shorter,
noisier, and occasionally truncated by sensor limitations. These
factors contributed to the limited performance of turn-only
model s and motivated the shift toward combining turn datawith
richer trip-level context in the remaining experiments.

Experiment 2 Results

In experiment 2, trip and turn signals were concatenated at the
feature level, and a single model was trained on the resulting
20-channel input. A total of 4 architectures (TinyFCN, GRU,
long short-term memory, and TCN) were evaluated. Their
cross-validated performance is reported in Table 8.

Table 8. Cross-validated performance of feature-level data-fusion models (experiment 2). Trip and turn signals were concatenated into a single
20-channel input and evaluated with 7-fold participant-stratified cross-validation.

Experiment Model Normalize ~ Weights Accuracy (%) BA®(%) AUCP (%) Precision (%) Recall (%)  Fi-score(%)
2 TinyFCN No Yes 62 59 52 44 86° 56°

2 GRUY No Yes 68° 63 63° 508 62 53

2 LsTMS No Yes 67 67° 64° 55¢ 69° 55°

2 TCNY No Yes 70 63° 63 50 62 53

3BA: balanced accuracy

BAUC: areaunder the receiver operating characteristic curve.
“The best values.

dGRU: gated recurrent unit.

®The second best is only underlined.

fLsT™: long short-term memory.

9TCN: temporal convolutional network.

Overall, performanceimproved over the turn-only modelsfrom
experiment 1(b), confirming that global trip context can offset
the sparsity of turn data. However, none of the fusion models
outperformed the best full-trip baselines from experiment 1(a).
The highest accuracy (70%) was achieved by TCN, though its
AUC (63%) and balanced accuracy (63%) fell short of the
full-trip TinyFCN benchmark. Long short-term memory
delivered the highest balanced accuracy (67%), while GRU
achieved similar accuracy and recall but lower precision.
TinyFCN, which had previously performed best on full trips,
dropped to 62% accuracy and 52% AUC, suggesting that
feature-level concatenation may impair its ability to model trip
dynamics effectively.

These resultsindicate that early fusion does not offer areliable
method for combining localized and global driving features.
While amodest gain in recall was observed, it came at the cost
of precision and overall discriminative power. Thisdegradation
likely results from the mismatch in temporal characteristics
between trips and turns when merged into asingle input. These
findings support the need for alate-fusion strategy, as explored

https://medinform.jmir.org/2026/1/e83622

in experiment 3, where each datatypeis model ed independently
before integration.

Experiment 3 Results

In the final experiment, the trip and turn streams were treated
as complementary modalities. Each was processed by a
dedicated encoder, and their latent vectors were merged in a
late-fusion classifier. Table 9 summarizes the cross-validated
resultsfor 7 dual-branch architectures. The dual-encoder strategy
outperformed the feature-level fusion models from experiment
2 across all metrics and approached the performance of the best
full-trip baselines from experiment 1(a). The highest overall
accuracy (75%) was achieved by Dua TinyFCN, which also
recorded the best AUC (68%) and matched the highest recall
(74%). DuaTCN with self-attention produced the strongest
balanced accuracy (72%) and recall (77%), while maintaining
75% accuracy. DualGRU with a single attention head offered
asolid alternative at 73% accuracy and 65% balanced accuracy;
its multihead variant improved recall to 84% but at the cost of
precision.
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Table9. Cross-validation results for model-level fusion (experiment 3). Each architecture comprises separate trip and turn encoders whose outputs are
combined by either concatenation (Dual TinyFCN) or alearned gating mechanism (all others).

Experiment Model Normalize Weights Accuracy (%) BAZ(%)  AUCP (%) Precision (%) Recall (%) Fi-score(%)
3 Dual GRUC No Yes 63 62 58 47 67 50

3 Dual GRU Attn No Yes 73 65Y 63 564 76 62

3 Dual GRU Multi-  No Yes 66 63 66 52 84° 60

Head

3 Dual LSTM' No Yes 65 62 64 51 61 50

3 DualTCN No Yes 66 60 67¢ 47 799 57

3 DualTCN Attn No Yes 754 7€ 66 57¢ 77 63°

3 Dua Tiny FCNd ~ No Yes 758 65 68° 53 74 61

3BA: balanced accuracy

BAUC: area under the receiver operating characteristic curve.
°GRU: gated recurrent unit.

%The second best values.

®The best values.

fLsT™: long short-term memory

9FCN: fully convolutional network

Relative to experiment 2, balanced accuracy improved by 6 to
8 percentage points, and AUC increased by about 5 points,
suggesting that separate feature extraction for trips and turns
reduced theinterference observed with early fusion. While none
of the dual-branch model s surpassed the single-view TinyFCN
baseline from experiment 1(a), the performance gap was reduced
to within 4 points, with noticeably stronger recall and class
balance.

These results indicate that turning behavior carries useful
complementary information, which becomes effective when
model ed independently before fusion. However, the late-fusion
models still fell short of the trip-only baseline, unlike in earlier
studies conducted under controlled driving conditions. A likely
explanation is the greater behavioral variability in naturalistic
turn maneuvers, where factors such as traffic, shallow bends,
truncated segments, and GPS inconsistencies introduce noise
that diminishes signal quality. To overcome this, 2

https://medinform.jmir.org/2026/1/e83622

improvements are proposed. First, a more selective
turn-extraction method could be implemented to filter out
low-information maneuvers (eg, shallow curves or stop-sign
rolls) and retain only cognitively demanding turns. Second, the
use of an adaptive fusion mechanism, such asatrainable gating
or context-aware attention layer, could allow the model to
dynamically weigh turn features based on context, rather than
relying on fixed integration. These enhancements may help
future late-fusion model s surpass the trip-only benchmark.

Participant-L evel Perfor mance of the Best-Per forming
Model

To further evaluate mode effectiveness, participant-level
performance was analyzed using the best-performing model
from experiment 1(a), which achieved the highest average
accuracy (78%). Figure 7 shows the percentage of correctly
classified trips per participant, color-coded by diagnostic group.
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Figure7. Per-subject trip classification accuracy of the best performance model, color-coded by cognitive status (green=healthy, red=MCI). MCI: mild

cognitive impairment.

Accuracy with MCI status indicated by color

MCI status
m MCl
I Healthy

0.77

Correctly classified (%)

[

13
12
17
19

o
-

0.90

—
—

™~
~

16
20
18

Participant number

This analysis reveadled that trips from cognitively healthy
participants were classified more accurately than those from
the MCI group. Within the MCI cohort, classification accuracy
appeared to correlate with the number of available trips.
Participants 12 and 19, who contributed only 3 and 4 trips
respectively, showed the lowest accuracies (33% and 50%). In
contrast, participant 1, also in the MCI group, provided 28 trips
and achieved over 80% accuracy, suggesting that greater data
volumeimproves partici pant-specific classification performance.
These findings support the decision to evaluate tripsindividually
rather than applying amajority-vote rule per participant, as done
inpreviouswork. AsMCI symptomstend to appear episodically,
a majority-vote approach may misclassify participants with
sporadic impairments. For instance, participant 12, clinically
diagnosed with MCI, was misclassified on 2 of 3 trips. A
majority-vote method would incorrectly label this participant
as healthy, masking the sporadic but clinically meaningful
deviations this framework aims to detect.

The granular trip-wise approach captures the variability that
defines mild impairment and provides a more sensitive early
warning mechanism than binary participant-level labels. This
variability can be expressed as a frequency-based risk score
based on the proportion of trips classified asimpaired for each
driver. Rather than producing afixed “MCI” or “healthy” |abel,
the score outputs a continuous risk value between 0 and 1,
allowing clinicians to define thresholds for follow-up
assessment. The choice of such athreshold will have practical
implications. A low threshold (eg, flagging drivers if 10% or
more of their trips are classified as impaired) increases
sensitivity and supports early detection but may lead to more
false positives and unnecessary follow-up. A high threshold
(eg, 50%) reduces false positives but risks missing individuals
with sporadic lapses (precisely the pattern seen in early MCI).
As the risk score is continuous, thresholds can be tailored to
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specific clinical contexts. For example, high sensitivity may be
prioritized in population-level screening, while higher precision
may bepreferred in specialist clinics. By presenting performance
curves across thresholds or reporting AUC values alongside
confusion matrices at clinically relevant cutoffs, these trade-offs
can be made explicit and support informed deployment of the
model in practice.

Trip count was aso found to influence the stability of those
episodic signals. With fewer than 5 trips, asingle misclassified
journey can flip adriver's apparent status, explaining the wide
swings in accuracy for participants 12 and 19. As the dataset
grows (through additional participants, extended monitoring,
or dataaugmentation), the law of large numbers should attenuate
this volatility and sharpen the distinction between truly
unimpaired drivers and those with early cognitive change.
Overadl, theseresultsreinforce the importance of context-aware,
trip-level evaluation for detecting early MCI. Rather thanrelying
on binary labels, future implementations should adopt
frequency-based risk scoring to translate trip-level outputsinto
longitudinal, clinically actionable indicators.

Discussion

This study demonstrated the potentia of naturalistic driving
data as a digital biomarker for early MCI detection. Prior
limitations, such as controlled test settings, reliance on summary
statistics, and rigid eval uation protocols, were addressed through
a framework that embraces real-world variability and
context-aware analysis, structured around the 3 research
guestions posed in the Introduction section.

First, the robustness of driving-based biomarkers under
naturalistic conditions was assessed (RQ1). Models trained on
full-trip data achieved 78% accuracy (AUC 77%) despite
variations in routes, traffic, and sensor noise, while turn-only
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inputs underperformed by approximately 16 percentage points.
These results affirm that early cognitive change is detectable
through naturalistic driving; however, short turning maneuvers
alone were found to be too noisy to provide reliable indicators.

Second, to address RQ2, a multistage pipeline was devel oped
to transform raw, noisy, multisensor datainto structured model
inputs. Signals of varying frequencies were aligned, trips
segmented, and interpolation applied to ensure consistency.
Turn maneuvers were extracted using a targeted method,
yielding maneuver-level data while preserving tempora and
sensor fidelity for deep learning.

Third, modeling strategies were compared under current data
limitations (RQ3). Single-view modelson full-trip dataremained
strongest. While early fusion of trip and turn data failed to
outperform this baseline, late fusion using dual encoders
significantly improved balanced accuracy and recall, suggesting
that turn cues become useful when learned in adedicated branch.
As larger, cleaner turn datasets are acquired, late fusion is
expected to surpass trip-only models, especially with
mechanisms that emphasize turns only when informative.

In addition, the participant-level analysis revealed that most
misclassifications occurred among MCI drivers with few
recorded trips, underscoring the effects of behavioral noise and
data scarcity. As MCI is marked by sporadic impairments,
traditional aggregate predictions may miss subtle signs. By
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evaluating each trip and maneuver individually, the proposed
approach enables detection of episodic lapses, offering a
practical early warning system for clinical follow-up.

Future improvements should focus on refining turn extraction
through context-aware filtering, enhancing late-fusion models
with adaptive gating or attention mechanisms, and enriching
the dataset via increased participation and targeted
augmentation. Prospective validation and integration of
complementary modalities (eg, eye-tracking and in-cabin audio)
may yield a more comprehensive behavioral signature of early
cognitive decline. Furthermore, given the relatively small
dataset, future work could explore the use of transfer learning
from models pretrained on large-scal e sensor-based time-series
datasets. Models trained on motion, activity recognition, or
physiological sensing data capture general temporal and
kinematic patterns that overlap with vehicle dynamics such as
accel eration and rotation. Fine-tuning such pretrained encoders
on naturalistic driving data could improve feature extraction,
reduce dependence on large labeled cohorts, and enhance
generalization to new driversor sensing platforms. Incorporating
transfer learning in this way would be a practical step toward
building more data-efficient and scal able cognitive monitoring
systems. Collectively, these efforts may further establish
naturalistic driving as a viable and nuanced platform for
proactive cognitive health monitoring.
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