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The Effect of Biomechanical Features on
Classification of Dual-Task Gait
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Abstract—Early detection of Alzheimer’s disease and ST
related disorders (ADRDs) has been a focus of research ST,LKJK,BK ' K
with the hope that early intervention may improve clinical 0.8
outcomes. The manifestation of motor impairment in the early ST.LK,BK L LK
stages of ADRD has led to the inclusion of gait assessments T BK P LA
including spatiotemporal parameters in clinical evaluations. STJKBK @ AT S\ BK
This study aims to determine the effect of adding kinetic and
kinematic gait features to the classification of different levels N ' °
of cognitive load in healthy individuals. A dual-task paradigm ) STIK,LK == STIK
was used to simulate cognitive impairment in 40 healthy crry [
adults, with single-task walking trials representing normal, / LK™ JKBK J— ST.LK
healthy gait. The Paced Auditory Serial Addition Task (PASAT) N ST ’
R — Reference PLS-DA LDA «NNPR

was administered at two different interstimulus intervals (ISls)
representing two levels of cognitive load in dual-task gait. We predicted that a richer dataset would improve classification
accuracy relative to spatiotemporal parameters. Repeated measures analysis of variance (ANOVA) showed significant
changes in 15 different gait features across all three levels of cognitive load. We used three supervised machine learning
algorithms to classify data points using a series of different gait feature sets with performance based on the area under the
curve (AUC). Classification yielded 0.778 AUC across all three conditions (0.889 AUC Single versus Dual) using kinematic
and spatiotemporal features compared to 0.724 AUC using spatiotemporal features only (0.792 AUC Single versus Dual).
These data suggest that additional kinematic parameters improve classification performance. However, the benefit of
measuring a wider set of parameters compared to their cost needs consideration. Further work will lead to a clinically

viable ADRD detection classifier.
Index Terms— Cognitive decline, cognitive load, dual-task,

gait, machine learning.
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I. INTRODUCTION

HE number of adults above the age of 65 who suffer

from dementia in the United States is expected to more
than double from approximately 6.2—13.8 million between
now and 2060, with Alzheimer’s disease (AD) accounting
for the majority of these cases [1]. With a growing patient
population on the horizon, researchers are looking for ways to
improve the treatment of AD and related disorders (ADRD).
Mild cognitive impairment due to AD (MCI-AD) is a stage
which precedes AD diagnosis in which patients experience
symptoms but are still functionally independent [2], [3].
However, prior research suggests there is a long and slow
preclinical progression of the disease, where the patient is
experiencing neurological changes that may begin to mani-
fest even before reaching a clinical MCI-AD diagnosis [3],
[4], [5]. Researchers are looking for ways to improve the
early detection of ADRD, suggesting that early detection and
timely intervention may slow disease progression [5], [6], [7],
allowing patients to remain functionally independent longer,
improving quality of life and reducing treatment costs over
the course of the disease [8], [9]. While common cognitive
screening measures, such as the Mini-Mental State Exam
(MMSE), may lack sensitivity to identify the early stages of
ADRD on their own, these cognitive screening measures are
often used in conjunction with other biomarkers as part of

republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Texas at Austin. Downloaded on April 14,2023 at 04:23:47 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0001-8386-1508
https://orcid.org/0000-0002-9918-465X
https://orcid.org/0000-0003-1474-6105
https://orcid.org/0000-0001-9700-3045

3080

IEEE SENSORS JOURNAL, VOL. 23, NO. 3, 1 FEBRUARY 2023

a larger assessment in order to improve sensitivity for early
detection [3], [10].

Gait impairment (i.e., walking impairment) has been corre-
lated with the risk of ADRD progression, even from the early
disease stages [11], [12], [13]. As such, gait may be useful as
a noninvasive predictor for ADRD. In practice, many currently
used clinical gait assessments focus on qualitative or simple
spatiotemporal aspects of gait, such as stride length, gait speed,
cadence, task completion time, and gait phases [11], [12], [13],
[14]. However, qualitative assessments looking for warning
signs with the naked eye will not be sensitive to subtle changes
likely occurring in the earliest stages of motor impairment due
to ADRD. As technology advances and human motion capture
technology becomes more viable for clinical settings, there is a
growing opportunity to go beyond simple spatiotemporal gait
features and leverage more rich, quantitative data regarding
human movement and gait [15], [16].

The objective of this study is to lay the groundwork
with healthy adult participants in order to better understand
how including more data-rich gait features may improve
classification based on gait biomechanical data. ADRD is
simulated in healthy adults by using a cognitive-motor dual-
task paradigm, with single-task gait reflecting a healthy gait.
Studies analyzing the impact of dual-tasking on healthy gait
have shown that cognitive load elicits spatiotemporal changes
to gait (e.g., increased step time and step time variability;
decreased cadence, stride length, and velocity), as well as
changes indicating impaired balance during gait with cognitive
load [17], [18], [19], [20]. The primary hypothesis of this study
is that using kinematic and kinetic gait features will improve
classification performance compared to spatiotemporal gait
features during single-task and dual-task gait classification
among healthy adults. While kinematic and kinetic data are
often more costly to collect than spatiotemporal data, the
findings of this study present insight into the added benefit
gained by including these data in the analysis of dual-task gait.
This study lays the groundwork for future work to determine
how kinematic and kinetic data may help improve the clinical
diagnosis of ADRD within a clinical setting.

Il. METHODS

A. Participants

This study was approved by the Institutional Review Board
of The University of Texas at Austin (IRB 2020-07-0096).
Forty healthy adults between 18 and 42 years of age (¢ = 26.7,
o = 5.4 years) were recruited, with an even split between male
and female participants. Participants reported no function-
ally relevant lower limb musculoskeletal injury, osteoarthritis,
weight-bearing restrictions, polyneuropathy, cognitive impair-
ment, or hearing impairment.

B. Experimental Setup

Data collection occurred in a gait laboratory. A Vicon Nexus
system (Vicon, Oxford, U.K.) was used for optical motion
capture, and a Strideway Pressure Mat (Tekscan, Boston,
MA, USA) was used to collect ground reaction force (GRF)

Fig. 1. Photograph of experimental setup within gait laboratory, showing
Vicon optical motion capture cameras mounted on overhead railings and
the Strideway gait mat within the capture volume of the Vicon system.

data. The Strideway was set to automatically begin recording
upon first contact and stop recording after final contact. The
Vicon system was set to automatically begin recording when
90% of the reflective markers were identified by the Vicon
system and stop recording when marker dropout resulted in
only 65% marker identification. The boundaries of the optical
motion capture volume were experimentally predetermined
using these thresholds. A starting line and a finishing line were
marked on the floor in order to establish a straight walkway
across the gait lab. The starting line was placed approximately
8 ft before the start of the motion capture volume, allowing the
participant to achieve steady-state gait speed before entering
the capture volume. The finish line was marked about 1 ft
after the end of the motion capture volume, and participants
were asked to continue walking through the finish line before
slowing down and preparing for the next trial. The Strideway
was positioned along the straight line of the walkway and
was completely contained within the optical motion capture
volume (see Fig. ).

For the cognitive task, participants performed a modified
version of the Paced Auditory Serial Addition Task (PASAT)
[21], a cognitive test initially designed to evaluate information
processing after a concussion or other traumatic brain injury
[22]. As the name suggests, in this task, the participant listened
to an audio recording with a series of auditory prompts which
consisted of a spoken single-digit number between 1 and 9 and
were presented at a fixed pace denoted by the interstimulus
interval (ISI). Starting with the second prompt and after each
subsequent prompt, the participant would add the last two
numbers presented on the audio recording and provide their
verbal response before the next prompt was presented. The
end of the ISI following the last prompt was denoted by a
beep on the recording.

Audio files for the cognitive task were generated using
MATLAB (MathWorks, Natick, MA, USA) and a public-
domain audio pack [23]. Random number sequences of
16 single-digit numbers were generated using MATLAB.
Twenty-three unique number sequences were generated for
each of the two ISIs: ten sequences/condition for two condi-
tions/ISI, plus three spare sequences/ISI. MATLAB was then
used to stitch together a series of audio files, each containing
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Fig. 2.
within the experimental design. Dual-low stands for a dual-task walking
with low cognitive load and dual-high is for dual-task walking with high
cognitive load.

Visual representation of each of the three walking conditions

a spoken recording of an individual single-digit number, into
an audio file with the random number sequence for each trial,
using the specified ISI between the start of each number in the
recording. Similarly, a series of six training sequences were
prepared for each ISI, containing a sequence of only eight
(instead of 16) single-digit numbers.

C. Experimental Protocol

Upon arrival, participants provided written informed con-
sent and completed a health history questionnaire to confirm
eligibility. Anatomical measurements were then collected for
calibration of the Strideway system and the full-body plug-in
gait model within the Vicon Nexus system. Thirty-nine passive
reflective markers were attached to the participant according
to the Vicon full-body plug-in gait marker set using double-
sided tape. The participant then completed step calibration for
each tile of the Strideway system, as well as static calibration
for the Vicon plug-in gait model. Next, the participant was
guided through training trials in each of five different trial
conditions, three of which were walking conditions analyzed
in the present study (see Fig. 2).

1) Trial Conditions: For the single-task walking condition
(Single), participants were shown the starting and ending
marks at either end of the walkway. Participants were
instructed to stand at the starting line, then after receiving a
cue from the researcher, the participant would walk normally,
in a straight line, across the Strideway, to the finish line.
Participants walked at their own self-selected walking speed.
After crossing the finish line, participants were allowed to slow
down and turn around to reset for the next walking trial.

The PASAT was selected as the cognitive load task because
it is a difficult task even for healthy adults [22]. A previous
study found the greatest difference in PASAT performance
between healthy controls and patients with traumatic brain
injury at a 2.4-s ISI compared to shorter ISIs (2, 1.6, 1.2, and
0.8 s) due to declining performance in healthy controls with
decreasing ISIs, while the clinical population had achieved
a floor effect across ISIs [22]. Participants in the present
study completed this task at an ISI of 2.4 s, as well as at
an ISI of 1.6 s. For the two single-task PASAT conditions, the
participants completed the PASAT as accurately as possible
while standing still. No biomechanical data was collected or
analyzed from these standing trials.

For the dual-task conditions (Dual-low and Dual-high),
participants were asked to perform the PASAT while walking
for each of the two ISIs (2.4 and 1.6 s, respectively). Just as
before, the participant would start by standing at the starting

line of the walkway. However, instead of receiving a cue from
the researcher, the participant would listen for the PASAT
audio file to begin playing. Once the participant had listened
to the first two prompts from the audio track, they could take
their first step and begin walking as they provided their first
verbal response. Participants were asked to perform the PASAT
as accurately as possible until they had passed the finish line,
and to walk normally as if they were walking down the street
while completing the task.

2) Training and Data Collection: Participants first familiarized
themselves with the task with three training trials in each of the
five conditions in order to ensure understanding of each task,
allowing the participant to get used to the pacing of the PASAT,
and eliminating learning effects [22]. Once this was completed,
participants could begin data collection. Data collection was
split into two sections of 25 trials each. Participants first com-
pleted five trials in each condition in a randomized sequence.
The researcher informed the participant of the condition of
the next trial immediately before starting that trial so that the
participant would know which instructions to follow. After
the first 25 trials were completed, the participant was offered a
short break, after which they performed the remaining 25 trials
(five trials per condition), again in a randomized sequence.
Once all 50 trials were completed, data collection was stopped
and the participant was dismissed.

D. Analysis

Within the Strideway software, left and right foot strike
boxes were identified in order to calculate the vertical GRFs,
pressure distributions, and spatiotemporal gait characteristics,
which were exported in CSV format for further analysis within
MATLAB. Vicon data was cropped in order to minimize
gaps resulting from the beginning and end of the trial as
the participant entered and exited the capture volume. Any
remaining gaps in the marker trajectories were filled and
data was filtered using a low-pass threshold of 6 Hz prior
to model reconstruction and kinematic calculations within the
Vicon Nexus software. Model outputs and marker trajectories
were then exported in CSV format for further analysis within
MATLAB. Heel strikes were identified within the kinematic
data as the instant of the gait cycle with maximum horizontal
heel displacement between leading and trailing heels [24].
Heel strikes were used to segment the raw data into individual
gait cycles, which were then used to calculate the mean
gait cycle. The mean gait cycle was then used to extract
the predictive features. Features were normalized within each
participant using z-score normalization in order to compare
changes between conditions across different participants [25],
and feature scaling (putting all features on a similar magnitude
scale) for classification [26].

A repeated measures analysis of variance (ANOVA) per-
formed in R (R Core Team, 2021) was used to identify
normalized features which are statistically different between at
least two of the three conditions using Bonferroni correction
(n = 120). Post-hoc Tukey testing with Bonferroni correction
(n = 3) was used to identify which conditions were statisti-
cally different for features identified in the repeated measures
ANOVA. Features that did not show a statistical difference
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between any condition were excluded from the training data
used for the evaluation of the classification algorithms.

1) Gait Feature Sets: A total of 120 predictors were
extracted from the mean gait cycle as described above, for
a series of gait features which were divided into five different
feature sets: spatiotemporal, joint kinematics, limb kinematics,
body kinematics, and GRFs. The spatiotemporal feature set
consisted of 14 features, including step time, step speed, nor-
malized step length (normalized by leg length), step width, and
duration for single-stance, double-stance, and swing phases of
gait. The joint kinematics feature set consisted of 68 features,
including mean joint position, trajectory standard deviation,
range of motion (RoM), and amount of motion (AoM) for the
mean gait cycle of pelvis angles (tilt, obliquity, and rotation),
hip angles (flexion, adduction, and rotation), knee flexion,
and ankle inversion and rotation. RoM was calculated as the
maximum joint angle value minus the minimum joint angle
value. The AoM was the cumulative joint displacement over
the course of the mean gait cycle [15], calculated as the
integral of the absolute value of the derivative of the joint

angle trajectory
T
AoM = /
0

The limb kinematics feature set consisted of 15 features,
including summary metrics for foot angle, foot path area
(sagittal plane), leg extension angle, and leg length. The body
kinematics feature set consisted of 13 features, including the
mean value, standard deviation, RoM, and AoM of the center
of mass (CoM) in the medial-lateral and superior—inferior
directions, as well as the mean and standard deviation of
the velocity of the CoM in the medial-lateral, superior—
inferior, and anterior—posterior directions. The GRF feature
set consisted of ten features, including the range and standard
deviation of the center of force trajectory in the medial-lateral
direction, as well as the max, mean, standard deviation, and
peak timing for the vertical component of the GRF. For
features with independent measures of left-and-right sides,
an asymmetry ratio was also calculated as the absolute dif-
ference between the left and right sides, divided by the mean
value of the left and right sides. A full list of features within
each feature set is available in Appendix Table S1.

2) Classification: Feature selection and cross-participant
classification were then performed using a series of different
feature sets for training and prediction. Two different clas-
sification tasks were performed for each feature set: Single
versus Dual classification (combining Dual-low and Dual-high
into one combined outcome label), and classification across all
three conditions (Single, Dual-low, and Dual-high). Feature
sets used for classification included individual feature sets,
as well as combined feature sets, based on the feature set
breakdown shown earlier. When performing the Single versus
Dual classification task, only features that showed statistical
significance between Single and Dual-low and between Single
and Dual-high were introduced to feature selection within
their respective feature sets. When classifying across all three
conditions, only features that showed statistical significance
between all three conditions (including between Dual-low

do
—\dt. 1
T (D

and Dual-high) were introduced to feature selection within
their respective feature sets. For each feature set, the Min-
imum Redundancy Maximum Relevance (mRMR) algorithm
assigned an importance score to each remaining feature within
the feature set [27]. The feature set was then further reduced to
only features with an importance score of at least 0.01, up to
a maximum of the ten most important features.

Once feature selection was complete, data were split
into training and testing subsets using a 40-fold, leave-one-
participant-out cross validation. When classifying Single ver-
sus Dual, the training set for each fold consisted of all ten
Single trials from each of N —1 (i.e., 39) participants, as well
as five random Dual-low and five random Dual-high trials from
each of these participants. This ensured a balanced number of
training observations between the Single and Dual conditions
in order to avoid a classification bias toward the Dual condition
that could result from having a larger number of Dual training
observations. When classifying across all three conditions, the
training set for each fold consisted of all data from each of
the 39 participants. In both cases, the test set for each fold
consisted of all observations for the one participant held out
of the training set for that fold.

Classification was performed in MATLAB using Partial
Least Square Discriminant Analysis [28], Linear Discriminant
Analysis (LDA), and Neural Network Pattern Recognition
(NNPR). Due to randomized initialization conditions within
each classification algorithm, predictions from each classifica-
tion algorithm may slightly differ when repeating classification
with the same training-testing split. For this reason, classifi-
cation was repeated 100 times for each classifier, for each
feature set, in order to obtain a distribution of classification
performance for comparison. The LDA algorithm utilized a
standard misclassification cost, set to 1 for any misclassifica-
tion, and O for any correct classification. The NNPR algorithm
contained a single hidden layer with ten hidden neurons and
a Sigmoid activation function. Bayesian regularization back-
propagation was used for training the NNPR algorithm. The
initial results for Single versus Dual classification showed
near-chance results for the PLS-DA algorithm with the body
kinematics only and spatiotemporal and body kinematics fea-
ture sets. Analysis showed that this was occurring due to
the last entry of one of an internal coefficient matrix within
the algorithm having a value that was orders of magnitude
larger than the other entries within the matrix, indicating
that the last feature was introducing confusion, which later
diluted the predicted differences between classes, yielding a
probability score of ~0.5 for each class. Stepwise feature
reduction was used, iteratively removing the remaining feature
with the lowest importance score from the mRMR algorithm
until this issue was resolved and above-chance classification
was achieved. This was not necessary for the other feature sets
or other algorithms.

3) Predictive Evaluation: Permutation testing was used to
provide a predictive benchmark for classification. Labels were
scrambled such that the trials for each condition within each
participant were roughly evenly mapped to new labels across
the three conditions (e.g., Labels were permuted such that
three—four of the ten Single trials were randomly reassigned
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labels for each condition: Single, Dual-low, and Dual-high).
The repeated measures ANOVA was repeated using the per-
muted labels in order to confirm that no features showed
statistical significance between any two conditions. Importance
ranking using the mRMR algorithm confirmed no features
had an important factor above 0.01. Classification was then
performed using the permuted labels, according to the same
procedure detailed above in order to generate a “null distrib-
ution” representing random chance.

For true classification and permutation testing, the receiver
operating characteristic (ROC) curve was generated for each
iteration in order to calculate the area under the curve (AUC).
AUC is a measure of combined sensitivity and specificity
for which values may range from 0 to 1. An AUC value
near 1 reflects high combined sensitivity and specificity for the
specified classification, while an AUC value near 0.5 reflects
random chance performance. For each comparison, the mean
AUC was calculated over the distribution of classification
results from the 100 iterations. For the binary Single versus
Dual classification task, this resulted in a single mean AUC
value, reflecting the sensitivity and specificity of the binary
classification task. For the multiclass problem of classification
across all conditions, the mean AUC value was calculated
for each class to reflect the sensitivity and specificity to
differentiate one class from the other two classes. Then we
calculated a weighted average of the AUC values, where the
weight for each class was the proportion of observations from
that class. This resulted in a single AUC value to reflect
the sensitivity and specificity of all three conditions [29].
Performance was evaluated based on mean AUC in order to
compare performance between algorithms and feature sets.

I1l. RESULTS

We identified a total of 50 features that showed significance
between the normalized z-scores for at least two conditions
(see Appendix Table S3 for full details). A subset of 48 fea-
tures showed statistical significance between Single and Dual-
low, as well as between Single and Dual-high, and only
15 features showed statistical significance between all three
conditions (see Fig. 3). The four spatiotemporal features which
showed statistical significance between all three conditions
were double support phase, normalized step length, step speed,
and step time. The four joint kinematics features that showed
statistical significance between all three conditions were hip
flexion (AoM), hip flexion (RoM), hip flexion (STD), and
knee flexion (AoM). The five limb kinematics features which
showed statistical significance between all three conditions
were foot path area, leg extension angle (max), leg extension
angle (min), leg extension angle (STD), and limb length
(STD). The two body kinematics features that showed statis-
tical significance across all three conditions were the mean of
the CoM velocity in the anteroposterior direction (AP-Mean)
and the standard deviation of the CoM velocity in the superoin-
ferior direction (SI-STD). None of the GRF features showed
statistical significance across all three conditions.

The mRMR feature selection algorithm further reduced
the number of classification features within each feature set.
Table I shows a summary of the feature reduction by the
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Fig. 3. Comparison of means for features showing statistical significance
across all three conditions. Error bars represent 95% confidence inter-
vals. Note that an increase in step time is indicative of slower gait, and an
increase in minimum leg extension angle is indicative of less joint motion
within the leg. As such, unlike the other features, these two features
indicate impairment with a positive directional change. In order to show
impairment in the negative direction across all features, the negative
z-scores have been plotted for step time and minimum leg extension
angle. See Appendix Table S2 for statistical significance in each pairwise
comparison.

TABLE |
FEATURE SELECTION RESULTS FOR EACH FEATURE SET

Feature Sets Single vs Dual All Conditions
ST 4/4 4/4
JK 2/24 4/4
LK 8/8 5/5
BK 9/10 2/2
GRF 2/2 -/0
ST, JK -/- 8/8
ST, LK 10/12 9/9
ST, BK 10/ 14 6/6
ST GRF 5/6 -/-
JK, BK 2/34 6/6
ST, JK, LK -/- 10/13
ST, JK, BK -/- 10/10
ST, LK, BK 10/22 10/11
ST, JK, GRF -/- -/-
ST, JK, LK, BK -/- 10/15

Numerical values show [# features selected] / [# features ranked].
The upper limit for the number of selected features is the number of input
features (i.e. # features ranked), up to a maximum of 10 features.

mRMR feature selection algorithm for each classification
setup. In some cases, the mRMR feature selection algo-
rithm selected an identical group of classification features
for multiple input feature sets (i.e., the introduction of an
individual feature set into a combined feature set did not
change the feature selection results). For example, for the
Single versus Dual classification task, the mRMR feature
selection algorithm selected two classification features from
the joint kinematics feature set: hip flexion (RoM) and ankle
inversion (Mean). The same two features were selected from
the combined spatiotemporal and joint kinematics feature
set. The addition of the spatiotemporal features made no
difference to the classification features selected by the mRMR
algorithm. As such, the classification feature set resulting
from the combined spatiotemporal and joint kinematics feature
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set was redundant to the classification feature set resulting
from the individual joint kinematics feature set. In such
instances, classification was only performed for the simplest
feature set that yielded the redundant classification feature
set. In this case, classification was performed for the joint
kinematics feature set, while classification was omitted for the
spatiotemporal and joint kinematics feature set, which yielded
redundant classification features from a more complex starting
feature set. Additionally, classification across all conditions
was omitted for the GRF feature set because none of these
features showed statistical significance across all conditions,
resulting in an empty classification feature set. On average,
classification across all conditions utilized approximately four
features for both, individual feature sets and combined feature
sets. The mRMR algorithm reduced the number of classi-
fication features down to four or fewer features for both
classification tasks. Importance scores tended to be higher
for classification across all conditions, resulting in a slightly
higher average number of classification features for individual
feature sets for classification across all conditions compared
to the same feature sets for Single versus Dual classification.

The null distribution results from a classification using per-
muted labels performed similar to what would be expected for
random chance (AUC ~ 0.5). The permutation results ranged
from 0.531-0.578 for the Single versus Dual classification
task. The permutation results ranged from 0.433-0.543 for
classification across all conditions.

Fig. 4 shows a comparison of the AUC values for each
condition, as well as the weighted-average AUC for each
algorithm. For classification across all conditions, Dual-high
was the condition that showed the worst AUC scores across
all three algorithms (0.602-0.687 for the NNPR algorithm,
0.578-0.653 for the LDA algorithm, and 0.471-0.598 for
PLS-DA), performing near random chance. Meanwhile, the
Single condition showed the highest AUC score for each
algorithm, with similar performance for the Dual-low con-
dition. Fig. 5 shows the weighted-average AUC values for
each algorithm compared against each other with a refer-
ence for expected random chance. The algorithms performed
mostly similarly across all feature sets, with PLS-DA and
LDA yielding slightly lower AUC values compared to NNPR.
The highest weighted-average AUC with only spatiotemporal
features was 0.724 from the NNPR algorithm. The highest
weighted-average AUC for an individual feature set was 0.739,
using the LDA algorithm with the body kinematics feature set.
The highest weighted-average AUC for a combined feature set
was 0.778, using the NNPR algorithm with the spatiotemporal,
joint kinematics, and body kinematics feature set. For the
Single versus Dual classification task, the GRF feature set
yielded among the lowest performance values for the Single
versus Dual classification task. The highest AUC with only
spatiotemporal features was 0.792 from the NNPR algorithm,
with a similar performance from the other two algorithms. The
highest AUC for an individual feature set was 0.879, using the
NNPR algorithm with the BK feature set. The highest AUC
for a combined feature set was 0.889 for both classes, using
the NNPR algorithm with the spatiotemporal, limb kinematic,
and body kinematics feature set. Fig. 6 shows a comparison of

1.
ST, JK, LK, BK K

ST, LK, BK LK

ST, JK, BK

BK

ST, JK, LK ST, JK

ST, LK

ST, JK, LK, BK JK

ST, LK, BK LK

P

\
ST, JK, BK ! 0.0 H BK
1

ST, JK, LK ST, JK

JK, BK ST, LK

ST, BK

PLS-DA

ST

ST, K, LK, BK ’ K

ST, LK, BK LK

- -~<

\
ST, JK, BK U 0.0 H BK
1

~~~~~~

ST, JK, LK ST, KK

JK, BK ST, LK
ST, BK
x--Dual-low -+ Dual-high —s—Mean ----- Reference

o-Single +- Dual-high —s—Mean

Fig. 4. Comparison of area under the ROC curve for each condition for
NNPR (blue), LDA (orange), and PLS-DA (yellow). The black dashed line
in each plot provides a reference for expected random chance.

the distributions for the best results from classification while
using the spatiotemporal feature set, any individual feature set,
and any combined feature set for each classification task.

IV. DISCUSSION

The objective of this study was to determine if detailed
gait parameters combined with machine learning can decode
different levels of cognitive load in healthy individuals, with
implications for early detection of ADRD. We collected bio-
mechanical walking data from 40 healthy adult participants
during single-task and dual-task walking trials in order to eval-
uate the impact of kinematic and kinetic data on our ability to
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Fig. 5. Comparison of area under the ROC curve for each algorithm. The
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distinguish cognitive load during single-task and dual-task gait
trials. Repeated measures ANOVA showed significant changes
in 15 different gait features across all three levels of cognitive
load (Single, Dual-low, and Dual-high). Three supervised
machine learning algorithms (PLS-DA, LDA, and NNPR)
were used to classify data points using a series of different gait
feature sets, yielding AUC up to 0.889 for the Single versus
Dual classification task, and up to 0.778 for classification
across all conditions. In contrast to including additional gait
features, using only spatiotemporal characteristics, the AUC
was 0.792 for Single versus Dual classification, a drop of
0.097, and an AUC of 0.724 across all conditions, a drop of
0.054. Thus, adding additional gait parameters improves the
ability to classify gait based on the level of cognitive load,
enabling above-chance sensitivity and specificity.

In the present study, we found that the presence of cognitive
load elicits changes in spatiotemporal and kinematic gait
parameters that are consistent with previous literature. Studies
have explored the impact on healthy overground gait from
different levels of cognitive load due to cell phone use within
a laboratory setting and found significant decreases in stride
length and velocity with the presence of cognitive load [17],
[18] as well as cadence [18], among other spatiotemporal gait
parameters. Another study, which used an oral version of the
trail-making test as a dual-task condition with healthy par-
ticipants walking overground in a laboratory setting, found a
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Fig. 6. Comparison of the AUC distribution for the best classification
task results for spatiotemporal features, any individual feature set, and
any combined feature set for the single versus dual classification task
(left) and for classification across all conditions (right). The black dashed
line in each plot provides a reference for expected random chance.

significant increase in step time with the presence of cognitive
load, among other changes to spatiotemporal gait parameters
[19]. Our results similarly showed changes in normalized step
length, step speed, and step time across all three conditions,
with a decrease in normalized step length and step speed, and
an increase in step time with the presence of cognitive load.
It is unsurprising, given these spatiotemporal changes, which
we also found a decrease in foot path area and the range of the
leg extension angle, as well as indications of reduced motion
in the hip and knee with the presence of cognitive load, all of
which would contribute to shorter step lengths. There appeared
to be little change in the vertical component of the GRF with
changes in cognitive load. Small et al. [20] used listening and
backward spelling to impose different levels of cognitive load
during healthy treadmill gait in a laboratory setting and found
no significant changes in peak vertical GRF with increasing
cognitive load. This evidence agrees with the observed lack
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of significance in the vertical GRF with increasing cognitive
load within the present study.

The current study is a simulation of cognitive impairment;
studies related to ADRD are used to contextualize the results
of the present study. Li et al. [30] examined the utility of
performance on cognitive and functional measures to identify
the level of cognitive impairment as defined by the Clinical
Dementia Rating scale, where a score of 0.5 is considered
MCI and a score of >1 is considered mild to moderate
dementia. Classification using MMSE scores showed an AUC
of 0.676 and 0.779 for each group, respectively (similar
performance to the present study). Meanwhile, they found
higher classification accuracy using a delayed recall measure,
which showed an AUC of 0.861 and 0.908 for MCI and
dementia, respectively. In another study, Aoki et al. [31] used
kinematic data (collected via Microsoft Kinect) during a dual-
task paradigm (backward counting while walking in place) in
order to identify elderly participants for which the MMSE
score was less than 25, indicating cognitive impairment.
They accomplished this task with an AUC of ~0.75, which
approaches the range of classification performance achieved
in the present simulation study (0.889). However, it should
be noted that any clinical relevance of the present study must
be gleaned from a clinical population. Thus, the results of
this study indicate that the accuracy of this assessment system
in healthy individuals is sufficient to be tested in a clinical
population.

In the present study, the NNPR algorithm tended to yield the
highest AUC values (0.650-0.889 for the Single versus Dual
classification task, and 0.677-0.778 for classification across
all conditions) but did so at a noticeably higher computa-
tional cost compared to the other two algorithms. The NNPR
algorithm required time on the order of hours to complete
100 iterations of classification, whereas the LDA and PLS-DA
algorithms required time on the order of seconds or minutes.
LDA and PLS-DA classification algorithms not only computed
more quickly, but also achieved comparable results, with LDA
achieving AUC values of 0.653-0.830 for the Single versus
Dual classification task, and 0.714-0.758 for classification
across all conditions, and PLS-DA achieving AUC values of
0.652-0.831 for the Single versus Dual classification task,
and 0.677-0.718 for classification across all conditions. The
stepwise feature reduction described above was successful in
eliminating the issue causing near-chance classification for the
PLS-DA algorithm with the body kinematics only and the
spatiotemporal and body kinematics feature sets, as demon-
strated by the above-chance AUC values of 0.820 and 0.827,
respectively. Computational cost becomes more relevant at
higher workloads. While the NNPR tended to yield the highest
AUC values, the degree of improvement found in the present
study may not be enough to justify the increased computational
cost compared to the LDA and PLS-DA algorithms which still
yielded similar results.

Moving beyond the comparison between supervised
machine learning algorithms, the use of an unsupervised
learning algorithm could save substantial time and effort
otherwise spent on obtaining properly labeled data in clinical
populations. An unsupervised k-means clustering algorithm

was evaluated for each classification task, setting k£ equal to
the number of conditions being used for classification (i.e.,
k = 2 for the Single versus Dual classification task, and
k = 3 for classification across all conditions). We observed
that k-means clustering achieved up to ~55% classification
accuracy and was within 3% classification accuracy for all
feature sets compared to the PLS-DA algorithm for classifi-
cation and achieved up to ~75% accuracy and was within
5% classification accuracy for all feature sets compared to the
PLS-DA algorithm for the Single versus Dual classification
task (except with the GRF individual feature set). Farouk
and Rady [32] achieved a similar classification accuracy of
~T76%, using magnetic resonance imaging data for binary
discrimination between AD and cognitively healthy individuals
using k-means clustering. This result suggests that reason-
able classification accuracy can be obtained without labeled
data.

Our results indicate a positive contribution from kinematic
gait features for the identification of presence and levels of
cognitive load. Our expectations were that including additional
information in the form of additional feature sets would
improve classification accuracy, with diminishing returns for
the inclusion of additional feature sets, up to a potential
ceiling effect where feature selection filters out all new data,
resulting in a training feature set that is the same as the
combined feature set prior to adding the new data. Li et al.
[30] found diminishing returns in AUC when combining data
from different screeners to identify levels of cognitive decline.
In the present study, the body kinematics-only feature set
improved AUC performance notably (4+0.088) compared to
using the spatiotemporal-only feature set for the Single versus
Dual classification task, but the spatiotemporal-only feature
set still achieved an AUC of 0.792. Additional information
in the form of combined feature sets seemed to add little
value here (0.01 increase in AUC), indicating that the body
kinematics-only feature set contained most of the relevant
information contained within the combined feature set. For
classification across all conditions, the most benefit came from
additional information in the form of combined feature sets.
Using the body kinematics-only feature set improved AUC
performance by only ~0.015 compared to using the-ST only
feature set, while the combined feature set of spatiotemporal,
joint kinematics, and body kinematics increased AUC by
~0.054 compared to using the spatiotemporal-only feature
set, indicating that individual feature sets contributed unique
information to the combined feature set. It is worth noting
that neither classification task achieved the best results when
using the combination of all feature sets. The spatiotemporal,
joint kinematics, and body kinematics feature set yielded the
best performance for both classification tasks. While these
results do indicate some positive contribution from kinematic
gait features, recording spatiotemporal characteristics alone
still yields good dual-task classification performance with
relatively little overhead in measurement device complexity.
Ultimately, it is for the clinician to decide whether a ~5% or
10% increase in classification accuracy is worth the additional
effort and expense of a more complex system. As there will
be additional practical issues with a clinical population, the
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translation of these results to people with early-onset ADRD
remains to be investigated.

We observed a counterintuitive effect of our cognitive
load conditions. The previous finding that healthy control
performance declined with decreasing ISI [22] influenced our
decision to use 2.4 and 1.6 s in order to achieve different
levels of cognitive load among healthy adults. However, all
15 features for which the repeated measures ANOVA identified
significant changes across all three conditions showed that the
Dual-high condition (1.6-s ISI) was the intermediate condition
between the Single condition and the Dual-low condition
(2.4-s ISI), contrary to our expectations. It is unclear why
exactly this occurred, but here we consider two possible
contributing factors. First, the PASAT is considered to measure
not only processing speed, but also working memory, due to
the need to remember the previous prompt while processing
new information [22]. Following the study, some participants
voluntarily self-reported that they found the Dual-low con-
dition to be more challenging than the Dual-high condition,
with at least one of these participants indicating that the
longer ISI for the Dual-low condition provided a greater
opportunity to forget the previous prompt. It is possible that
in the dual-task paradigm, the increased load on working
memory with the longer ISI provided a cognitive load that
more than compensated for the decreased load on processing
speed, resulting in a perceived higher overall challenge in
the Dual-low condition for some participants. Second, another
study found spatiotemporal changes to healthy gait when
rhythmic audio was played during gait, even if participants
were not instructed to synchronize their gait to the rhythm
[33]. It is possible that varying the ISI introduced a rhythmic
variable, which may have produced confounding effects across
different individuals for the two ISIs used. Further investi-
gation would be required for conclusive evidence; however,
these factors may be related to the unexpected finding that
many features showed the Dual-high condition as being the
intermediate condition. Although the effect was opposite of
what we expected, we were able to achieve our objective of
delivering two different levels of difficulty within the study,
as demonstrated by changes to 15 features across all three
conditions.

There were some limitations to our study. Participants
walked overground, resulting in fewer gait cycles than tread-
mill walking, however, treadmill walking constraints gait
speed, which is undesirable considering that gait speed reduc-
tion is a common compensation strategy during dual-task
gait [34]. Additionally, overground walking is more con-
ducive to clinical applications, where treadmills may not be
readily available. As such, the present study chose to use
overground walking instead of treadmill walking. The present
study collected kinematic data using an optical motion capture
system, which is also not conducive to the clinical setting;
however, inertial measurement units provide a more practical
alternative [35]. The specific features selected in the present
study could also present an additional limitation. A set of
120 gait summary features were used as predictors for gait
classification. It is possible that the inclusion of other, more
complex features for a given feature set could further improve

classification performance. However, in order to have any
significant impact on performance, new features would need
to carry new, relevant information with minimum redundancy
with summary features already included. Notably, our results
suggest that just a few features that can be measured with a
single inertial measurement unit can reliably detect changes
in cognitive load during gait. From a clinical standpoint,
it is important that the outcomes are derived from relevant
data. Fewer parameters translate to fewer sensors and a more
straightforward interpretation. Further work on a cognitively
impaired population is required to validate these techniques.
Lastly, we used a sample composed of healthy young indi-
viduals to provide a within-subject contrast with a simulation
of impaired cognition. However, it is possible that recruiting
a sample closer to the average ADRD population could
have resulted in different outcomes but could also introduce
confounding factors if the participants already have some
cognitive decline.

It is possible that the choice to use the ISI of the PASAT to
augment cognitive load introduced confounding factors which
contributed to the finding that Dual-low showed a greater
change from the Single condition compared to Dual-high.
Using the Children’s PASAT [22] could reduce cognitive load
compared to the normal PASAT, without varying the ISI.
Alternatively, a different cognitive task, such as cell phone
use could be used to achieve different levels of cognitive load
without introducing a timing variable [17], [18]. While the
paradoxical effect of ISI was unexpected, it clearly facilitated
a difference in cognitive load.

V. CONCLUSION

Detailed gait parameters combined with machine learning
classification were used to achieve above-chance identification
of cognitive load during single- and dual-task gait trials with
healthy participants. In the present study, we used biome-
chanical data to identify different levels of cognitive load
in healthy adults with AUC values similar to those shown
for using MMSE to discriminate between different levels
of cognitive decline in an elderly clinical population [30].
The addition of kinematic parameters improved classification
accuracy between 5% and 10% compared to spatiotemporal
characteristics alone. These results suggest that a rich dataset
extracted from many sensors may not be necessary for a
reasonably accurate diagnosis, but further testing on a clin-
ical population is needed to determine the true cost—benefit
relationship. Future work will provide insight for clinicians
as they seek new and effective ways to improve diagnostic
capabilities for the identification of ADRD in the early stages
of progression.
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