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Abstract

Background Cognitive impairment is a critical aspect of our aging society. Yet, it receives inadequate intervention
due to delayed or missed detection. Dual-task gait analysis is currently considered a solution to improve the early
detection of cognitive impairment in clinical settings. Recently, our group proposed a new approach for the gait
analysis resorting to inertial sensors placed on the shoes. This pilot study aimed to investigate the potential of this
system to capture and differentiate gait performance in the presence of cognitive impairment based on single- and
dual-task gait assessments.

Methods We analyzed demographic and medical data, cognitive tests scores, physical tests scores, and gait metrics
acquired from 29 older adults with mobility limitations. Gait metrics were extracted using the newly developed gait
analysis approach and recorded in single- and dual-task conditions. Participants were stratified into two groups based
on their Montreal Cognitive Assessment (MoCA) global cognitive scores. Statistical analysis was performed to assess
differences between groups, discrimination ability, and association of gait metrics with cognitive performance.

Results The addition of the cognitive task influenced gait performance of both groups, but the effect was higher in
the group with cognitive impairment. Multiple dual-task costs, dual-task variability, and dual-task asymmetry metrics
presented significant differences between groups. Also, several of these metrics provided acceptable discrimination
ability and had a significant association with MoCA scores. The dual-task effect on gait speed explained the highest
percentage of the variance in MoCA scores. None of the single-task gait metrics presented significant differences
between groups.

Conclusions Our preliminary results show that the newly developed gait analysis solution based on foot-worn
inertial sensors is a pertinent tool to evaluate gait metrics affected by the cognitive status of older adults relying on
single- and dual-task gait assessments. Further evaluation with a larger and more diverse group is required to estab-
lish system feasibility and reliability in clinical practice.
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Background

Despite the advances in geriatric medicine, cognitive
disorders remain a critical aspect of aging. When cogni-
tive decline exceeds what is expected due to the normal
aging process, the decline is diagnosed based on sever-
ity as Mild Cognitive Impairment (MCI) or dementia [1,
2]. In MCI, cognitive decline is greater than expected
for age, but the ability to perform everyday activities is
still preserved [1]. Dementia is established when the loss
in cognitive functioning is significant enough to inter-
fere with a person’s functional independence [2]. People
with MCI have a higher risk of conversion to dementia.
Studies suggest that 8 to 15% of the MCI cases progress
to dementia each year [3]. Dementia is a major cause of
disability and dependency causing a significant social
and economic impact worldwide [4]. Around 50 million
people worldwide are living with dementia, and its preva-
lence is expected to triple in the next 30 years resulting
from the rapid aging of the population [4].

Early diagnosis of cognitive impairment remains the
most promising strategy to prevent subsequent disabil-
ity and improve prognosis through early intervention [5,
6]. Traditional approaches for the screening of cognitive
impairment are based on paper tests, such as the Mon-
treal Cognitive Assessment (MoCA) [7]. These tools
require time investment involving a trained questioner,
being unsuitable to be carried out frequently [8]. The
subtlety of symptoms, the busy pace of clinical environ-
ments, and the lack of objective, robust, and fast screen-
ing tools constitute barriers to diagnosis. The detection
of cognitive impairment is thus likely to be missed or
delayed, and individuals threatened with cognitive
impairment receive inadequate intervention [5, 9].

Although the main clinical hallmark of cognitive
impairment is cognitive decline, recent studies show
that motor decline can also be observed, accom-
panying, or even preceding the onset of cognitive
impairment [10-12]. In individuals with cognitive
impairment, lower gait performance is characterized by
a significant reduction in gait speed, stride length, and
cadence, and an increase in double support time and
gait variability [13—15]. Worsening of gait performance
determined through these parameters associates with
global imaging markers of a “deteriorating brain” [16].
Longitudinal studies show that gait slowing precedes
cognitive impairment by 7 to 12 years [11, 17], possi-
bly serving as a predictor of cognitive decline [18]. Slow
gait has also been associated with other adverse health
outcomes (e.g., increased risk of falls [19, 20], frailty

[21], disability [20, 22], or mortality [21]). Hence, gait
speed alone might lack specificity for the detection of
cognitive impairment [16, 18, 23].

Previous work in cognitive neuroscience showed
that motor and cognitive functions are interrelated
and that intact cognition (in particular, executive func-
tions) is required for competent motor control [24, 25].
The quality of walking while simultaneously perform-
ing a cognitive (attention-demanding) task (e.g., nam-
ing animals, or doing serial subtractions)—known as
dual-tasking—unmasks latent gait disturbances that
may only be evident under cognitive stress [10, 26].
The quality of gait under dual-task testing is affected
by cognitive impairment and can distinguish MCI from
preserved cognition in older adults, exposing symp-
toms that would otherwise be invisible [27]. Muir, S.
et al. [28] assessed gait in cognitively normal, MCI,
and dementia groups, and concluded that gait perfor-
mance under single-task could not provide a significant
distinction between groups, whereas dual-task test-
ing provided a significant distinction. A meta-analysis
showed that several gait parameters (incl. speed, stride
length, and stride time) could discriminate MCI from
healthy controls under the single-task condition, but
the dual-task assessment increased their discrimina-
tive power [23]. The change in gait performance from
a single- to a dual-task scenario (known as dual-task
effect or cost) could differentiate people with cognitive
impairment [29, 30]. A recent meta-analysis concluded
that dual-task effects on gait speed are highly sensitive
for the detection of MCI [27]. Taken together, the find-
ings from previous studies suggest that dual-task test-
ing might serve as a sensitive measure to improve the
early detection of cognitive impairment [10, 23, 31, 32].

Although many studies support the use of dual tasks
to improve the detection of cognitive impairment, some
studies show contradictory results. For instance, in [33]
and in [34] dual tasking could not distinguish people
with preserved cognitive skills from those with MCI.
Studies differed on the protocols used, including the
cognitive tasks and the gait evaluation methods. How-
ever, not all cognitive tasks may be adequate to stress
cognition in older adults [23, 28] and not all gait evalu-
ation methods may be adequate for a robust evaluation
of gait metrics [35].

Conventional gait and balance tests based on the use
of a stopwatch only allow the assessment of a limited
set of metrics and may not be sensitive to the subtle
motor deficits associated with MCI [35, 36]. Some
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studies suggested that evaluating gait by a single char-
acteristic may not be powerful enough to predict cog-
nitive status and that a multidimensional gait analysis
approach is required [37, 38] that should be comple-
mented by measures of cognition [16].

The technology used for an objective and multi-
dimensional assessment of gait—e.g., instrumented
walkways, and optical motion capture systems—is
expensive and requires dedicated spaces not being
ideal for routine screening within clinical settings [35].
Additionally, they have a limited coverage area [35],
which may potentially compromise the assessment of
metrics like gait variability due to insufficient walk-
ing distance [23]. Alternative instruments are thus
needed to translate research into clinical practice.
Wearable technology based on inertial sensors offer a
low-cost alternative for the assessment of gait, allow-
ing gait parameters to be captured both at the clinic or
in free-living conditions [35]. Due to advances in data
analytics, wearables are now widely proposed as prac-
tical tools to aid the diagnosis and treatment of a range
of neurological disorders [39]. However, the ability of
wearables and their associated algorithms to detect
cognitive impairment has yet to be established [35, 40].

Inertial sensors placed on the trunk have been used
in the past to evaluate gait and differentiate cognitive
status. Stride frequency, gait regularity, gait speed,
stride length, duration of swing, stance, and double
support phases were some of the metrics analyzed [15,
36, 41-44]. Recently, our research group proposed a
new approach for the gait analysis resorting to inertial
sensors placed on the shoes [45, 46]. In [45] and in [46]
we proposed a new data analysis approach that is inde-
pendent of the orientation of the sensor on the shoes,
and that allows the evaluation of an extensive set of
gait metrics and foot—heel and toe—trajectories.

This pilot study aims to investigate the potential of
the newly developed foot-worn inertial sensor-based
gait analysis solution to capture and differentiate gait
performance in older adults with and without cogni-
tive impairment. We hypothesized that (i) people with
cognitive impairment would demonstrate more signifi-
cant dual-task effects on gait metrics than older adults
without cognitive impairment, (ii) the effects would be
visible in multiple gait parameters, (iii) dual-task gait
metrics and dual-task costs would better differenti-
ate between groups than single-task gait metrics, and
(iv) multiple gait parameters would be associated with
the global cognitive performance. This paper consti-
tutes the first step toward developing a screening tool
for cognitive impairment that does not heavily rely on
cognitive testing.
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Methods

This study provides a secondary analysis of anonymized
baseline data (pre-measurements) collected under the
scope of a Randomized Controlled Pilot Trial. The trial
was originally designed to assess the feasibility of a newly
developed exergame in patients with mobility impair-
ment. The full details of the trial can be found on Clini-
calTrials.gov (identifier: NCT04587895). In this study,
we used the baseline data from the trial to investigate the
potential of foot-worn inertial sensors and gait analysis to
assess gait metrics that are affected by the cognitive sta-
tus of the participants. We adhere to guidelines to report
the results of these cross-sectional data [47].

Participants and procedure

Participants were recruited through local contact per-
sons at the physiotherapy clinic Physio SPArtos (Inter-
laken, Bern, Switzerland) and public advertisements in
local newspapers in the surroundings of Interlaken (Bern,
Switzerland). The study took place on Physio SPArtos’
premises.

Participants were included if they (i) were aged 60+
years old, (ii) lived independently, in a residency dwell-
ing, or with care, (iii) could stand straight for at least 10
minutes without aids, (iv) had visual acuity with correc-
tion sufficient to work on a TV screen, and (v) had Short
Physical Performance Battery (SPPB) test score below 10
as an indication of impaired mobility [48, 49].

Subjects manifesting one or more of the following cri-
teria were excluded from the study: (i) Mobility impair-
ments that did not allow to play the exergame [50]; (ii)
Severe cognitive impairment (below the 1st percentile
according to [51]); (iii) Acute or unstable chronic dis-
eases (e.g., recent cardiac infarction, uncontrolled high
blood pressure or cardiovascular disease, uncontrolled
diabetes); (iv) Orthopedic or neurological diseases that
inhibited exergame training; (v) Rapidly progressive or
terminal illness; (vi) Insufficient knowledge of German;
(vii) Chronic respiratory disease; (viii) Condition or ther-
apy that weakens the immune system; (ix) Cancer; and
(x) Serious obesity (Body Mass Index (BMI) > 40 kg/m?).

Baseline data were acquired in a single visit to the study
site, lasting around 1 to 1.5 hours. All eligible participants
were assessed for demographics and medical history,
cognitive tests, physical tests, and gait tests under single-
and dual-task conditions.

The study was approved by the Institutional Ethics
Committee of ETH Zurich (registration: 2020-00578)
and followed the ethical code for research with human
beings as stated by the Declaration of Helsinki. Written
informed consent was obtained from all participants. No
compensation for participation was given.
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Demographic data and medical history

A health questionnaire was applied to describe general
information about the participants, including age, sex,
weight, height, and years of education. The questionnaire
also covered general health, medical history, and physi-
cal activity, including self-reported variables such as pain,
medical conditions, level of physical activity, fear of fall-
ing, past falls, and walking aids. Body mass index (BMI,
in Kg/m?) was calculated from weight and height.

Cognitive tests
General cognition was assessed using the Montreal
Cognitive Assessment (MoCA) [52]. MoCA is the neu-
ropsychological test recommended for the screening of
MCI [7]. It is a paper-and-pencil test and has a maxi-
mum score of 30 points. It takes between 10 and 20 min-
utes to administer [53] and evaluates different cognitive
domains such as executive function, memory, language,
visuospatial ability, orientation, attention, concentration,
and working memory [52]. The score is corrected for
low education (< 12 years) by adding an extra point [52].
Although the initially proposed cut-off of < 26 has shown
good sensitivity and specificity for detecting MCI [52],
the cut-off score of < 24 resulted in better classification
rates in German-speaking, Swiss, older adults [54].
Specific cognitive domains related to executive func-
tions were assessed using (i) the Trail Making Test (TMT)
Part A—for general information processing speed—and
Part B—for mental flexibility [55]; (ii) the Color Word
Interference Test (CWIT), to evaluate response inhibi-
tion and interference [56], and (iii) the Digit Backward
Task of the Wechsler Memory Scale-Revised (WMSR), to
evaluate working memory [57].

Physical tests
The Short Physical Performance Battery (SPPB) was
applied to evaluate functional physical performance.
SPPB consists of three subtests: (i) maintaining balance
with the feet in tandem, semi-tandem, and side-by-side,
(ii) walking 4 meters, and (iii) rising and sitting five times
on a chair without the help of the upper limbs. The test
score is obtained by adding the scores of the subtests,
resulting in values between 0 (worst performance) and 12
(best performance) [58, 59]. The SPPB has been used to
characterize functional capacity in older adults with and
without cognitive impairment [60], showing little change
in relation to aspects such as culture, language, or educa-
tional level [61, 62]. An SPPB score lower than 10 is pre-
dictive of all-cause mortality [63] and is usually accepted
as a threshold for functional impairment [64]. All partici-
pants in this study had SPPB scores < 10.

Additionally, the 1-Minute Sit to Stand Test (MSTS)
was employed to measure exercise capacity. In this test,
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the participants cross their arms over the chest and rise
from a chair as often as possible in one minute. The score
is the number of complete sit-to-stand cycles performed
in 1 min [65].

Gait assessment

Participants walked at their preferred speed (single task)
and while performing a secondary cognitive task (dual
task), along a straight 20m distance path. In the dual-
task condition, participants had to count backward in
steps of seven from a random given number between
200 and 250 while they were walking. This cognitive task
has been previously recommended to stress cognition in
dual-task tests [23, 27, 28]. Participants had to count out
loud for the test to be considered valid. No prioritization
instruction was given. The order of the tasks was main-
tained for all the participants, starting with the single
task. The wearable devices used to capture walking data
were equipped with a tri-axial gyroscope and a tri-axial
accelerometer (Bosch BMI160) and were developed in
our lab [45]. They were connected via Bluetooth to the
computer and were used to capture raw acceleration and
angular rate, which were recorded to a text file. Inertial
sensors were placed on the shoes near the instep region
(as described in [45]). Sensor data were sampled at a
frequency of 100 Hz. Participants wore their own, low-
heeled, regular shoes.

The extraction of gait metrics was performed using
the method described in [45], which was implemented
in Python 3. Very briefly, the method resorts to an ori-
entation-invariant approach that comprises the steps of
detecting zero velocity intervals (using the angular rate
energy detector), estimating sensor orientation (using
the Euston Complementary Filter), obtaining displace-
ments (using direct and reverse integration), detecting
gait events (from low-pass filtered acceleration magni-
tude and vertical acceleration), and, finally, estimating
spatiotemporal gait metrics [45]. Further details about
the method can be found in [45]. Data processing was
performed offline, taking into account all the data avail-
able in recorded text files. After excluding the first and
last two strides to focus the analysis on steady-state
walking [25], the following metrics were extracted per
stride: Stride time (s), Swing time (s), Stance time (s),
Swing ratio (%), Stance ratio (%), Foot flat ratio (%),
Pushing ratio (%), Loading ratio (%), Stride length (m),
Gait speed (m/s), Strike angle (degrees), Liftoff angle
(degrees), and Minimum toe clearance (cm). The stance
ratio was calculated as a proportion of stride time. The
ratios of foot flat (time during which the foot is in full
contact with the ground), pushing (the time from foot
flat to toe-off), and loading (the time from heel strike
to foot flat) were calculated as proportions of stance
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time. The liftoff angle was the angle made by the foot at
foot-off, relative to the ground [45]; the strike angle was
determined at heel-strike. The angles were signed and
were negative for the strike. Minimum toe clearance
was defined as the minimum height of the toes during
the swing phase of walking, as presented in [45].

The method described in [46], resorting to a deep
learning approach, was used to estimate heel and toe tra-
jectories, from which the corresponding 3D path lengths
were calculated. The method used a stacked bidirectional
long short-term memory (LSTM) recurrent neural net-
work implemented in Python 3 using conda TensorFlow
2.3 to estimate trajectories from acceleration and angular
rate data. To describe the variability of the trajectories,
we first resampled the strides by expressing their time in
percentual terms (between 0 and 100%). Then, we calcu-
lated the mean absolute deviation (MAD) for each stride,
trajectory (heel and toe), and component (forward, side-
ward, and vertical) according to Eq. (1):

n

1 -
MAD = ;2|x,-—xi| (1)
1=

where 7 is the number of samples in a stride, x; is the
value of the trajectory at sample i, and x; is the average
value of all strides at sample i.

For each gait test, we reported the average of the
metrics along all the strides (including right and left
sides). We have also calculated the variability of the
metrics, quantified using the coefficient of variation
(CV[%] = 100 x (standard deviation/mean)). The sym-
metry index was used to assess asymmetry between
left and right gait parameters using the formula
SI[%] = 100 X |left side — right side| /(0.5 X (left side + right side))
Moreover, for each subject and each gait parameter,
we calculated the dual-task effect (DTE) of walking
as a percentage of loss (or gain) relative to the single-
task walking performance, according to the formula
DTE[%] = 100 X (dual-task score — single-task score)/single-task score. A
positive DTE corresponded to an increase in the value
of the gait parameter under dual-tasking, whereas a
negative DTE corresponded to a decrease.

Statistical analysis

Participants were stratified into two groups, according
to their MoCA scores, based on the cut-offs proposed
by [54] and [66], as follows: they were considered con-
trols with normal cognition if they had MoCA score > 24
(control group); they were considered to have cognitive
impairment (CI) when MoCA score < 24 (CI group). In
the CI group, two persons could not finish the TMT B
test, as it took too long. For this reason, their values were
replaced by the maximum.
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The statistical analysis was performed using SPSS
27.0 for Mac OS (SPSS Inc, Chicago, Illinois, USA) and
Python 3 (using the packages pingouin v0.4.0, StatsMod-
els v0.13.0, SciPy v1.7.1, and NumPy v1.21.5). A p-value
of less than 0.05 indicated statistical significance.

Demographic and medical characteristics were sum-
marized using either means and standard deviations, or
frequencies and percentages, as appropriate. Compari-
sons between groups were made using the Independent
Samples T-test or the Mann-Whitney U test for con-
tinuous variables, and Pearson’s chi-square test (x2) or
Fisher’s exact test for categorical variables. The Mann-
Whitney U test was used when data were not normally
distributed or when outliers were present. Fisher’s exact
test was used when at least one cell of the contingency
table had an expected frequency of less than 5. Asymp-
totic significance was reported for the Mann-Whitney U.
The assumption of homogeneity of variance was checked
using Levene’s test; when p < 0.05, equal variances could
not be assumed, and the Welch’s t-test was computed
instead of the standard Independent Samples T-test.

To assess differences between single-task and dual-task
conditions within each group (CI and control), we used
Paired Samples T-tests or Wilcoxon signed-rank tests.
Wilcoxon signed-rank tests were used when paired data
differences were not normally distributed or when outli-
ers were present. Asymptotic significance was reported
for Wilcoxon.

Group differences in gait parameters were examined
using the Independent Samples T-test or the Mann-
Whitney U test. Interaction between gait condition
(single-task vs dual-task) and group (control group vs CI
group) was assessed by comparing the DTEs between
groups.

Data were tested for normality using the Shapiro-Wilk
test. Outliers were detected using box plots.

To examine how well gait performance could distin-
guish between CI and control groups, we fitted logis-
tic regression models. Separate models were built for
each gait parameter that differed significantly between
groups in previous steps. Subsequently, receiver oper-
ating characteristic (ROC) curves were constructed,
and the sensitivity, specificity, and area under the curve
(AUC) were estimated. The optimal cut-point was con-
sidered the point of the ROC curve closest to the upper
left corner (0,1). Mathematically, the optimal sensitivity
and specificity were defined as those yielding the mini-
mum value of (1 — senusitivity)®> + (1 — specificity)® [67].
AUC values were interpreted as follows: AUC = 0.5,
no discrimination; 0.5 < AUC < 0.7, poor discrimi-
nation; 0.7 < AUC < 0.8, acceptable discrimina-
tion; 0.8 < AUC < 0.9, excellent discrimination; and
AUC > 0.9, outstanding discrimination [68].
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Gait metrics that differed significantly between groups
were included as predictors of MoCA scores (global cog-
nition) in bivariate linear regression models to test their
association with a progressive score. To obtain the best
set of variables associated with MoCA scores, we used a
stepwise forward approach, successively entering varia-
bles with p < 0.05 and removing those with p > 0.1. The
stepwise regression analysis was repeated controlling for
age, sex, and education.

Results

A total of 29 participants (average age 81.24 + 8.35 years
old, 48.3% women) were enrolled in the study, from
which 13 were considered healthy controls and 16 had
cognitive impairment according to MoCA.

Descriptive statistics

Table 1 presents the descriptive statistics for the demo-
graphic and medical data, stratified by cognitive status
(healthy controls vs cognitively impaired). Participants
differed in global cognition (MoCA score), TMT A and
B scores, and CWIT inhibition times. The differences
in MoCA scores between groups were expected as they
defined membership in each group. The times of TMT
A, TMT B, and CWIT inhibition were significantly
higher in the group with MoCA score < 24, indicating
worse performance on these tests. The remaining vari-
ables, including demographic characteristics (e.g., age,
BMI, education, etc.) and physical test metrics (SPPB
and MSTS scores) presented no significant differences
between the two groups. For this reason, these variables
were not accounted as covariates in the subsequent steps
of the statistical analysis.

Differences in gait between groups

The differences in average temporal gait metrics between
groups—control vs CI group—and within groups—sin-
gle- vs dual-task conditions—are summarized in Table 2.
Compared to the single-task condition, walking under
dual-task led to significant changes in all temporal gait
metrics in the CI group. The largest effect was observed
on the foot flat ratio in the CI group, where the addition
of the dual task increased the foot flat ratio by 21.7%.
Accordingly, the addition of the dual task decreased
the pushing ratio by 9.7% and the loading ratio by 9.9%
in the CI group. The average stride time increased with
the addition of the cognitive task, as did the swing time
and stance time. However, the increase in stance time (of
17.0%) was higher than the increase in swing time (8.5%),
which was reflected as an increase in stance ratio and a
decrease in swing ratio. Similar effects were observed in
the control group, but these effects were less pronounced.
For instance, the addition of the dual task only increased
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foot flat ratio by 8.0% in the control group (versus 21.7%
in the CI group). Not all temporal gait metrics in the con-
trol group were significantly influenced by the dual-task
condition.

None of the single-task or dual-task average tempo-
ral gait metrics alone presented significant differences
between groups, except dual-task swing time whose aver-
age was higher in the CI group. The DTE on stride time,
swing time, stance time, foot flat ratio, and pushing ratio
differed significantly between groups.

Differences in average spatial gait metrics are shown
in Table 3. As observed in temporal metrics, all spatial
gait metrics were significantly affected by the addition
of the cognitive task in the CI group. The addition of the
dual task led to a significant decrease in all average spa-
tial metrics, being the largest effects observed on strike
angle (25.2%) and gait speed (24.4%) in the CI group. In
the control group, only minimum toe clearance was not
significantly affected by the dual-task condition. None of
the single-task or dual-task average spatial gait metrics
presented significant differences between groups. The
DTE on gait speed, liftoff angle, minimum toe clearance,
and heel 3D path length differed significantly between
groups.

Figure 1 shows interaction plots for some of the gait
metrics whose DTEs presented a statistically significant
difference between groups in Tables 2 and 3. Compared
to single-task, the dual-task condition had a signifi-
cant effect on all gait parameters and groups presented
in Fig. 1, except the pushing ratio in the control group
(Table 2). The effects were more pronounced in the CI
group leading to significant differences in the DTEs. In
Fig. 1, the blue solid lines (CI group) had higher slopes
than the orange dashed lines (control group) which
denoted these effects.

Differences between groups on dual-task variability
metrics are shown in Table 4. Some of the metrics pre-
sented significant differences between groups, being their
averages higher in the CI group. Among temporal met-
rics, stride, stance, and swing times variability presented
significant differences between groups, whereas none of
the gait phase ratios did. Speed and liftoff angles vari-
abilities also presented significant differences between
groups, although the differences in liftoff angles variabil-
ity were marginally significant. The differences in stride
length variability were significant and consistent with
the differences in heel and toe trajectory forward MAD,
and heel and toe 3D path length variability—all of them
related to an increased variability of foot trajectories in
the CI group under dual-task gait testing.

Table 5 shows the differences between groups on dual-
task asymmetry metrics. Only two asymmetry measures
(on loading ratio and liftoff angles) presented significant
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Table 1 Demographic and clinical characteristics of study participants stratified by cognitive status

Participant Characteristics Control Group (n=13) Cl group (n=16) p-value
Age [years] 785 + 9.2 (64-93) 83.5 + 7.1 (68-96) 0.107
BMI [Kg/m?] 280+ 45 (213-336)" 253 +25(209-31.0) 0114
Weight [Kg] 80.5 + 15.1 (58-110) 714 +13.2(52-95) 0.095
Height [cm] 169.7 + 6.4 (162-182) " 167.6 + 11.6 (148-184) 0529
Education [years] 133 +£4.2(8-24) 11.5+19(9-15) 0.232
Female, n (%) 8(61.5) 6(37.5) 0.198
Hearing problems, n (%) 7 (53.8) 6 (37.5) 0.379
Vision problems, n (%) 7 (53.8) 7 (43.8) 0.588
Dizziness, n (%) 3(23.1) 8(50.0) 0.249
Gait problems, n (%) 8(61.5) 10 (62.5) 1.000
Fear of falling

Never, n (%) 3(23.0) 3(18.8) 0.755

Sometimes, n (%) 7 (53.8) 9(56.3)

Often, n (%) 1(7.7) 3(18.8)

Always, n (%) 2(15.4) 1(6.3)
Number of falls in the last 6 months

Zero, n (%) 8(61.5) 9(56.3) 1.000

One, n (%) 2(154) 3(18.8)

More than one, n (%) 3(23.1) 4(25.0)
Pain

No pain, n (%) 1(7.7) 2(12.5) 0.869

Less often than daily, n (%) 6 (46.2) 9 (56.3)

Daily, n (%) 6 (46.2) 5(313)
Pain severity

Low, n (%) 6 (50.0) 6 (42.9) 0.640

Medium, n (%) 4(33.3) 7 (50.0)

Sometimes unbearable, n (%) 2(16.7) 1(7.1)
Walking aids

None, n (%) 8(61.5) 5(313) 0.275

Cane, n (%) 2(154) 4(25.0)

Walker, n (%) 3231 7(43.8)
Physical activity

>3 times/week, n (%) 6 (46.2) 9(56.3) 0.387

1-3 times/week, n (%) 7(53.8) 5(31.3)

1 time/week, n (%) 0(0.0) 2(125)

Never, n (%) 0(0.0) 0(0.0)

Cognitive tests
MoCA Score 257 + 1.8 (24-30) 21.0+1.6(17-23) <0.001*

TMT ATime [s]

51.1+ 126 (30.5-68.8)

77.8 +325(423-155.0) 0.016*

TMT BTime [s] 147.5 +74.0 (55.1-340.8) 2644 +99.9 (91.4-386.6) 0.002*

CWIT inhibition time [s] 76.0 +24.2 (56.4-136.7) 110.3 +40.6 (59.5-187.5) 0.010%

WMSR Score 57+12(4-8) 49+12(3-7) 0.078
Physical tests

SPPB Score 79+13(59) 70+16(4-9) 0.076

MSTS Nr of repetitions 14.3 +85(0-26) 149 +6.2 (5-32) 0.742

Data are mean values + standard deviation (range) or the number of participants per category (absolute and relative frequency) when indicated. Group differences
were evaluated using the Independent Samples T-test, Mann-Whitney U test, Pearson’s chi-square, or Fisher’s exact test

BMI body mass index, MoCA Montreal cognitive assessment, TMT trail making test, CWIT color word interference test, WMSR the digit backward task of the Wechsler

memory scale-revised, SPPB short physical performance battery, MSTS 1-minute sit to stand test
*p < 0.05, p-values are two-tailed significance and bold values indicate significance

TMissing data for this variable in one individual in this group
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Table 2 Comparison of average temporal gait parameters within groups (single- vs dual-task) and between groups (control vs Cl

group), including dual-task effects (DTEs)

Gait metric Control group (n=13) Cl group (n=16) Statistic p-value

Stride time DTE (%) 649 + 6.63 14.28 +10.69 T=-2291 0.03*

ST stride time (s) 1.15+0.16 1.18 £0.19 U=985 0.809

DT stride time (s) 1224021 134+023 U=640 0.079
T =-3.424;p = 0.005* T =-4.804; p< 0.001*

Swing time DTE (%) 247 +£645 852+ 755 U=56.0 0.035*

ST swing time (s) 0.35+0.04 0.38 +0.05 U=720 0.160

DT swing time (s) 0.36 +0.05 041 +0.06 U=550 0.032*
W=255p=0.162 T=-4.175; p< 0.001*

Stance time DTE (%) 831+74 16.96 + 12.36 T=-2216 0.035*

ST stance time (s) 0.79+0.13 08+0.14 U=106.5 0913

DT stance time (s) 086 +0.17 093+0.18 U=745 0.196
W = 3.0; p = 0.003* W = 5.0; p = 0.001*

Swing ratio DTE (%) -349+3.12 -4.64 +3.74 T=0.881 0.386

ST swing ratio (%) 31.06 + 2.01 3236+ 191 T=-1.778 0.087

DT swing ratio (%) 2998 +£2.18 30.88 +£2.44 Uu=710 0.148
T=4.114; p = 0.001* T=5.354; p< 0.001*

Stance ratio DTE (%) 157 +137 218+ 1.58 T=-1.079 0.290

ST stance ratio (%) 6894 +2.01 67.64 £ 191 T=1778 0.087

DT stance ratio (%) 7002 +2.18 69.12 + 244 U=1370 0.148
T=-4.114;p=0.001* T =-5.354; p< 0.001*

Foot flat ratio DTE (%) 799 +792 2174 + 1837 T=-27 0.013*

ST foot flat ratio (%) 3767 £6.25 3456 +6.73 U=1370 0.148

DT foot flat ratio (%) 40.76 + 7.67 4129577 U=1080 0.861
T=-3.637;p=0.003* T=-5.208; p< 0.001*

Pushing ratio DTE (%) -2.50 + 6.45 -9.70 + 844 U=159.0 0.016*

ST pushing ratio (%) 31.97 £3.25 34.09 + 4.88 T=-1342 0.191

DT pushing ratio (%) 31.16 £3.67 30.59 +3.84 U=1170 0.569
W=230;,p=0.116 W = 3.0; p< 0.001*

Loading ratio DTE (%) -8.18+6.3 -9.89 + 1047 U=1300 0.254

ST loading ratio (%) 3036 +5.0 3135+55 U=980 0.792

DT loading ratio (%) 28.07 +6.02 2812 +£5.08 U=1065 0913

W = 2.0; p = 0.002*

W = 13.0; p = 0.004*

Data are mean values + standard deviation. Between-group differences were evaluated using the Independent Samples T-test (T) or the Mann-Whitney U test (U), as
appropriate. Differences between single- and dual-task measures were evaluated using Paired Samples T-tests (T) or Wilcoxon signed-rank tests (W), as appropriate

DTE dual-task effect, ST single-task, DT dual-task

*p < 0.05, p-values are two-tailed significance and bold values indicate significance

differences between groups, although these differences
were marginally significant. The average values of load-
ing ratio asymmetry and liftoff angles asymmetry were
higher in the CI group.

Prediction of cognitive impairment

Gait metrics that differed significantly between groups
in the previous section were included in the ROC anal-
ysis to test their capability to accurately identify clinical
groups. Table 6 shows the classification performance of
each gait parameter based on ROC analysis.

All metrics, except speed DTE and heel 3D path length
DTE, had statistically significant ROC curves (AUC
significantly higher than chance) and provided accept-
able discrimination according to [68] (0.7 < AUC < 0.8).
The best combination of sensitivity and specificity was
achieved with dual-task heel and toe trajectories forward
MAD, both with AUC = 0.745 (p < 0.05) and able to
detect CI group membership with a sensitivity of 81.3%
and specificity of 76.9%. The pushing ratio DTE had the
highest AUC, followed by foot flat ratio DTE, dual-task
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Table 3 Comparison of average spatial gait parameters within groups (single- vs dual-task) and between groups (control vs Cl group),

including dual-task effects (DTEs)

Cl group (n=16) Statistic  p-value

Gait metric Control group (n=13)
Stride length DTE (%) -9.07 + 748
ST stride length (m) 1.10+0.19
DT stride length (m) 1.00 +0.21
T =4.803;p< 0.001*
Speed DTE (%) -13.94 +£9.79
ST speed (M/s) 0.98 +0.24
DT speed (m/s) 0.85+0.23
W = 3.0; p = 0.003*
Strike angle DTE (%) -17.04 + 20.04
ST strike angle (°) -2020 £ 7.94
DT strike angle (°) -1748 £ 821
T=-4.210; p = 0.001*
Liftoff angle DTE (%) -6.05 +5.28
ST liftoff angle (°) 53.69 +8.77
DT liftoff angle (°) 5048 + 893

W = 5.0; p = 0.005*
Min toe clearance DTE (%) -6.35+ 18.26
ST min toe clearance (cm) 1.14 + 0.63
DT min toe clearance (cm) 1.07 +0.62
T=1.238p=0239

Heel 3D path len. DTE (%) -7.28 +5.85
ST heel 3D path len. (m) 131+02
DT heel 3D path len. (m) 122402

Toe 3D path len. DTE (%)
ST toe 3D path len. (m)
DT toe 3D path len. (m)

T=4.531;p<0.001*
-906+7.23
1.21+023
1.11+£024

T =4.689; p< 0.001*

-1533+9.14 U=1440 0.079
1.06 £0.18 U=1185 0.525
091 +02 U=131.0 0.236
T =8.160; p< 0.001*

-2439 £ 1356 T=2325 0.028*
093 +0.25 T=0560 0580
0.71 £0.21 T=1.743 0.093
T=6.853;p<0.001*

-25.24 + 30.65 U=1290 0.273
-21.13 +7.09 T=0335 074
1714 +7.72 U=1050 0.965
T=-7.123; p< 0.001*

-13.56 £ 9.58 U=1530 0.032*%
50.38 +7.29 T=1110 0277
43.87 £9.31 T=1936 0.063
T=6.598; p< 0.001*

-18.36 +22.54 U=149.0 0.048*%
160+ 1.1 U=650 0.087
1.25+08 U=900 0539
W = 12.0; p = 0.004*

-12.23 +£6.21 T=2190 0.037*
1.29+0.21 T=0297 0.769
1.13+£0.21 T=1.067 0.29
T =28.063; p< 0.001*

-14.6 +7.63 T=1991 0057
119+ 024 T=0277 0784
102 +0.24 U=1250 0357

W = 0.0; p< 0.001*

Data are mean values + standard deviation. Between-group differences were evaluated using the Independent Samples T-test (T) or the Mann-Whitney U test (U), as
appropriate. Differences between single- and dual-task measures were evaluated using Paired Samples T-tests (T) or Wilcoxon signed-rank tests (W), as appropriate

DTE dual-task effect, ST, single-task, DT dual-task

*p < 0.05, p-values are two-tailed significance and bold values indicate significance

stride length variability, and dual-task stride time vari-
ability, all with AUC > 0.75 (p < 0.05).

Association with global cognitive score

Gait metrics that differed significantly between groups
were included as predictors of MoCA scores in multiple
bivariate linear regression models to test the association
of each gait metric with the global cognitive score (pro-
gressive cognitive impairment). Results are shown in
Table 7.

All tested DTEs presented a significant association with
MoCA scores. Additionally, dual-task heel and toe path
length variabilities, and dual-task loading ratio asym-
metry presented a significant negative association with
MoCA. The DTE on gait speed explained the highest

percentage (over 25%) of the variance in MoCA scores
(R? = 0.258).

The model resulting from the stepwise forward regres-
sion analysis only included the DTE on speed (B = 0.114,
p =0.005) as an independent variable. For each 10%
decrease in speed DTE (%), MoCA scores decreased
roughly by 1 point (Fig. 2). None of the potential covari-
ates (i.e., age, sex, or education) were selected for the
final model.

Discussion

This study investigated the potential of a newly devel-
oped foot-worn inertial sensor-based gait analysis
solution to assess gait metrics that are affected by the
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Table 4 Comparison of dual-task variability measures between groups

Gait metric

Control group (n=13) Cl group (n=16) Statistic p-value
Stride time variability (%) 481477 723+578 U=510 0.020*
Swing ratio variability (%) 6.74 + 3.86 843 +4.73 U=675 0.109
Stance ratio variability (%) 281 +142 363+163 U=650 0.087
Swing time variability (%) 6.87 + 345 10.81 +8.02 U=490 0.016*
Stance time variability (%) 6.62 +7.03 891 +6.37 U=565 0.037*
Foot flat ratio variability (%) 11.75+ 467 14.71 + 532 T=-1570 0.128
Pushing ratio variability (%) 9.80 +4.29 1445 +7.38 U=670 0.105
Loading ratio variability (%) 1290 + 545 1681+ 7.71 U=740 0.188
Speed variability (%) 791 £4.81 10.76 +4.33 U=560 0.035*
Stride length variability (%) 562 +3.57 763 +297 U=500 0.018*
Strike angle variability (%) -29.18 + 3895 845+ 10441 U=106.0 0.930
Liftoff angle variability (%) 857 +4.27 13.00 + 7.09 U =580 0.044*
Min toe clearance variability (%) 4257 +13.87 4456 + 20.68 T=-0297 0.769
Heel trajectory forward MAD (mm) 2522 +894 3223 +854 U=530 0.025*
Heel trajectory sideward MAD (mm) 265+ 057 247 + 040 T=1.007 0.323
Heel trajectory vertical MAD (mm) 5614202 647 £193 U=2800 0.293
Toe trajectory forward MAD (mm) 2528 +9.29 3203 +7.85 U=530 0.025*%
Toe trajectory sideward MAD (mm) 2.80 +0.89 257 +0.82 U=1170 0.569
Toe trajectory vertical MAD (mm) 241 +£0.82 269+ 061 Uu=770 0.236
Heel 3D path length variability (%) 470+£3.13 6.47 + 3.86 U=590 0.048*
Toe 3D path length variability (%) 555+3.28 741 +297 U=530 0.025*%

Data are mean values + standard deviation. Group differences were evaluated using the Independent Samples T-test (T) or the Mann-Whitney U test (U), as

appropriate
MAD mean absolute deviation

*p < 0.05, p-values are two-tailed significance and bold values indicate significance
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Table 5 Comparison of dual-task asymmetry measures between groups

Gait metric Control group (n=13) Cl group (n=16) Statistic p-value
Stride time asymmetry (%) 035+032 052 +£0.65 U=925 0614
Stance ratio asymmetry (%) 1.74+1.16 272+ 255 U=2850 0.405
Swing time asymmetry (%) 399 +291 6.27 +6.09 U=2895 0.525
Foot flat ratio asymmetry (%) 10.01 + 7.86 13.30 + 10.06 T=-0.960 0.345
Pushing ratio asymmetry (%) 795+643 14.06 £ 14.70 Uu=770 0.236
Loading ratio asymmetry (%) 747 +£6.96 1319+ 783 U=590 0.048*
Stride length asymmetry (%) 1.57 £0.99 279 +£228 U=665 0.100
Speed asymmetry (%) 1.20 £ 1.02 259+236 U=610 0.059
Strike angle asymmetry (%) -29.78 £52.78 -201 £4212 U=790 0.273
Liftoff angle asymmetry (%) 555+574 11.09 +8.18 U=570 0.039*
Min toe clearance asymmetry (%) 4814 + 2412 4022 +32.78 T=0.725 0475
Heel 3D path length asymmetry (%) 2.00 +1.99 316+ 362 U=286.0 0430
Toe 3D path length asymmetry (%) 2794198 353 +£256 T=-0.856 0.400

Data are mean values + standard deviation. Group differences were evaluated using the Independent Samples T-test (T) or the Mann-Whitney U test (U), as

appropriate

*p < 0.05, p-values are two-tailed significance and bold values indicate significance

Table 6 Classification performance based on logistic regression
and ROC Analysis (n=29)

Gait metric AUC SE p-value Sens./Spec.
Stride time DTE (%) 0740 0097 0.028* 0.813/0.692
Foot flat ratio DTE (%) 0760t 0.090 0.018* 0.625/0.846
Pushing ratio DTE (%) 07647 0092 0.016* 0.750/0.769
Speed DTE (%) 0.707 0.096 0.059 0.625/0.692
Liftoff angle DTE (%) 0736 0.094 0.032* 0.688/0.769
Min toe clearance DTE (%) 0.716 0.097 0.048* 0.750/0615
Heel 3D path length DTE (%) 0712 0.097 0.054 0.625/0.769
DT Stride time variability (%) 07557 0.095 0.020* 0.750/0.769
DT Stride length variability (%) 07607 0.101 0.018* 0.750/0.769
DT Speed variability (%) 0.731  0.101 0.035* 0.750/0.692
DT Liftoff angle variability (%) 0.721 0.098 0.044* 0.688/0.846
DT Heel trajectory forward MAD ~ 0.745  0.097 0.025* 0.813/0.769
(mm)

DT Toe trajectory forward MAD ~ 0.745 0.100 0.025* 0.813/0.769
(mm)

DT Heel 3D path length vari- 0.716  0.100 0.048* 0.750/0.692
ability (%)

DT Toe 3D path length variability 0.745 0.098 0.025* 0.750/0.692
(%)

DT Loading ratio asymmetry (%) 0.716  0.102 0.048* 0.938/0.538
DT Liftoff angle asymmetry (%) ~ 0.726  0.095 0.039* 0.750/0.692

Sensitivity (Sens.) and Specificity (Spec.) were obtained for the optimal cut-point
based on ROC curve analysis. p-values under the null hypothesis that AUC
equals 0.5

AUC area under the curve, ROC receiver-operating characteristic, SE standard
error (under nonparametric assumption), DTE dual-task effect, DT dual-task, MAD
mean absolute deviation

*p < 0.05, bold values indicating significance
fAUC > 075

cognitive status of older adults using single- and dual-
task gait assessments. Our contributions were the fol-
lowing: (i) we inspected whether the novel foot-worn
inertial sensor-based gait analysis solution was able
to distinguish between older adults with and with-
out cognitive impairment; (ii) we explored differences
between these two groups considering a comprehen-
sive set of gait parameters, including dual-task metrics
and dual-task costs—some of them not yet explored in
the literature; (iii) we investigated which gait param-
eters measured by the foot-worn inertial sensors were
the most relevant to assess cognitive status; and (iv) for
the first time, we investigated these topics in a group of
older adults with mobility limitations: a very common
condition among older adults, with an estimated preva-
lence of 23 to 47% [69].

In line with our initial hypothesis, the results of this
study showed that the CI group tended to be more influ-
enced by the dual-task than the control group, which
translated into significant differences between groups on
several DTEs (Tables 2 and 3) and some dual-task vari-
ability (Table 4) and asymmetry (Table 5) metrics. Also,
several of these metrics provided acceptable discrimina-
tion ability (according to the ROC analysis, Table 6) and
had significant association with MoCA scores (Table 7).
The signs of the regression coefficients revealed positive
or negative associations as expected due to the detri-
mental effects of the cognitive task on gait performance.
The dual-task effect on gait speed explained the highest
percentage of the variance in MoCA scores (> 25%). As
hypothesized, dual-task gait metrics and dual-task costs
had better discrimination ability than single-task gait
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Table 7 Associations between gait metrics and MoCA scores in multiple bivariate linear regression analysis (1=29)
Gait metric Model Summary Coefficients

R? Adj. R? SE B B p
Stride time DTE (%) 0.193 0.163 2.660 -0.131 -0.439 0.017*
Speed DTE (%) 0.258 0.230 2550 0.114 0.508 0.005*
Foot flat ratio DTE (%) 0.173 0.142 2693 -0.076 -0416 0.025*
Pushing ratio DTE (%) 0.162 0.130 2711 0.140 0402 0.031*
Liftoff angle DTE (%) 0247 0219 2570 0.166 0.497 0.006*
Min toe clearance DTE (%) 0.166 0.135 2.705 0.056 0.407 0.028*
Heel 3D path length DTE (%) 0.244 0216 2575 0.222 0.494 0.006*
DT Stride time variability (%) 0.031 -0.004 2914 -0.096 -0.177 0.357
DT Stride length variability (%) 0.097 0.064 2813 -0.271 -0.312 0.099
DT Speed variability (%) 0.086 0.052 2831 -0.181 -0.293 0.123
DT Liftoff angle variability (%) 0.124 0.092 2771 -0.163 -0.353 0.061
DT Heel trajectory forward MAD (mm) 0.093 0.059 2.820 -0.096 -0.305 0.108
DT Toe trajectory forward MAD (mm) 0.064 0.029 2.865 -0.081 -0.252 0.187
DT Heel 3D path length variability (%) 0.163 0.132 2.708 -0.326 -0.404 0.030*
DT Toe 3D path length variability (%) 0.153 0.121 2.725 -0.356 -0.391 0.036*
DT Loading ratio asymmetry (%) 0.180 0.150 2.681 -0.157 -0425 0.022*
DT Liftoff angle asymmetry (%) 0.067 0.032 2.861 -0.099 -0.258 0.177

DTE dual-task effect, DT dual-task, MAD mean absolute deviation, R? coefficient of determination, Adj. R? adjusted R?, SE standard error of the estimate, B

unstandardized coefficients, 8 standardized coefficients
*p < 0.05, bold values indicate significance
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Fig. 2 Regression model for the prediction of MoCA scores

metrics. None of the single-task gait metrics presented
significant differences between groups.

Overall, our preliminary results confirmed that the
newly developed gait analysis solution is a pertinent
tool to evaluate gait metrics that are affected by the
cognitive status of older adults relying on single- and
dual-task gait assessments.

The effect of the dual task on walking

This study examined the effects of dual tasking on sev-
eral gait metrics. The observed increase in stance and
swing times, the decrease in swing ratio, the increase
in foot flat ratio, and the decrease in all average spatial
metrics—including gait speed—are consistent with a
poorer gait performance due to the adoption of a more
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cautious gait under dual-tasking, i.e., when less atten-
tional resources were available for walking [70]. Slower
gait speed due to dual tasking was also reported previ-
ously in [71] and in [30].

Gait speeds below 1.0 m/s are commonly used to
identify individuals with increased risk of falls [28],
which is relevant under dual-task testing as most of
the activities of daily living involve the simultaneous
performance of cognitive and motor tasks [28, 72]. In
our study, both mobility impaired groups had an aver-
age gait speed < 1.0 m/s, which was further lowered in
dual-task conditions and in the CI group, potentially
denoting an increased fall risk under real-life situations.
The fact that our participants had mobility impairment
may explain the lower gait speeds even under single-
task conditions.

The fact that cognitively normal older adults are also
affected by the dual task is not surprising, as with aging
structural changes occur in the brain and gait becomes
less automatic [16, 72]. Moreover, our cognitively normal
group had mobility limitations (SPPB score < 10). Con-
sidering that motor and cognitive functions are inter-
related, and that intact cognition is required for motor
control, it is expected that in the CI group the quality of
walking while performing an attention-demanding task is
further decreased, which may serve as an early indicator
of cognitive impairment [24, 25, 27].

According to several past studies, the effect of the dual
task depends on the complexity or load of the cognitive
task used. The cognitive task of counting backward by
sevens has been consistently reported as one of the most
complex tasks, leading to greater dual-task effects than
less complex tasks such as counting backward by ones, or
naming animals [23, 27, 28, 71, 73, 74]. The task of count-
ing backward used in our study seems to be appropriate
and explains the high dual-task effects observed in our
participants. According to [23], a high cognitive load is
required in a dual-task protocol for making MCI-specific
gait changes emerge.

Differences between groups

None of the single-task gait metrics presented signifi-
cant differences between groups in our study. While
most of the studies agreed that dual-task gait testing
could create higher differences in gait between cogni-
tively impaired and cognitively healthy groups, some
studies could still find some differences under single-
task conditions. For instance, gait speed was signifi-
cantly lower in patients with MCI under single-task in
[37, 44, 74] and [36]. In [28] gait speed under single-
task gait testing did not present significant differences
between groups, but, under dual-task, the MCI group
differed from the control group. Similar results were
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obtained for gait speed in [30, 36, 41], and [75], and for
stride time variability in [30]. A recent meta-analysis
showed that the differences between groups on gait
speed under dual-task were more obvious than in sin-
gle-task, with effects sizes of —0.89 and —0.74, respec-
tively [27].

Muir, S. et al. [28] showed that the DTE on gait speed
was higher in MCI than in the cognitively normal group.
Other studies reported significant interactions between
gait condition (single-task vs dual-tasks) and group (CI
group vs control group) on gait speed [30, 75], stride time
[29, 73], and stride time variability [30, 73], suggesting
that the effect of the dual task was greater in the CI group
than in the control group. In our study, the DTEs on gait
speed and stride time were significantly different, which
is in line with past studies’ results. In [73], however, the
interaction was not significant for gait speed, which con-
tradicts the results obtained in our study and other stud-
ies in this field. Contradictory results were also obtained
in [33], in which group x condition interaction was not
significant for all metrics reported, i.e., gait speed, stride
time, and double support ratio. Besides having included a
very low number of participants (low power), in [33] the
cognitive tasks (counting backward by ones, short story
recall, and a phonemic fluency task) may not have been
challenging enough to cause a significant effect on gait
[23] (as discussed above).

In addition to the DTE on gait speed and stride time,
the DTE on foot flat ratio, liftoff angle, minimum toe
clearance, and heel 3D path length presented significant
differences between groups in our study. None of these
metrics have been studied in the past, although they are
coherent with a poorer gait performance and the adop-
tion of a more cautious gait, well evidenced by the slower
speeds and shorter displacements of the feet during
swing caused by higher motor-cognitive interferences
in the CI group. Metrics derived from heel and toe tra-
jectories that provided significant differences between
groups were obtained by resorting to a deep learning-
based approach (as documented in [46]), which denotes
the potential of these novel techniques (and metrics) and
their role in the identification of cognitive impairment.

The differences between groups were also significant
for several dual-task variability metrics (according to
Table 4) and marginally significant for two asymmetry
metrics (according to Table 5). In [28] and in [30], stride
time variability under dual-task gait testing was signifi-
cantly higher in the MCI group, which is consistent with
our results. In [41], symmetry was significantly affected
by the dual task in the MCI group, although the differ-
ences between groups were not significant. Gait vari-
ability is known to rely on higher cortical brain control,
such that an increased gait variability reflects cognitive
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and cortical deterioration [76]. Consistently, gait variabil-
ity under dual-tasking was further exacerbated in the CI
group according to our results.

Cognitive status evaluation

Most of the studies agreed that dual-task gait testing
could better differentiate between groups than single-task
gait tests [23]. In our study, most dual-task gait metrics
and DTEs could differentiate between groups, provid-
ing an acceptable discrimination (0.7 < AUC < 0.8). In
[75], the discrimination ability of the dual-task gait speed
was classified as fair-to-good (AUC = 0.738) and was
higher than the single-task gait speed, which was classi-
fied as poor-to-fair (AUC = 0.674). In [29], the dual-task
gait performance on gait time could distinguish subjects
with subjective complaints from patients with MCI, pro-
ducing an AUC value of 0.63. In [74], the DTE on gait
speed differed between MCI and control groups, with
the MCI group experiencing higher costs than the con-
trols. According to [27], the DTE on gait speed provides
high sensitivity for the detection of MCI. In our study,
the DTE on gait speed could not discriminate between
Cl and control groups, although other DTE metrics could
(namely, the DTE on stride time, foot flat ratio, pushing
ratio, liftoff angle, and minimum toe clearance, all with
AUC > 0.70—Table 6). In contrast, the DTE on gait
speed presented a significant (positive) association with
MoCA scores, explaining the highest percentage (over
25%) of the variance in MoCA scores (Table 7).

All tested dual-task variability metrics and dual-task
asymmetry metrics provided acceptable discrimina-
tion, but only three of them (i.e., dual-task heel and toe
3D path length variability, and dual-task loading ratio
asymmetry) presented a significant (negative) associa-
tion with MoCA scores. All tested DTEs presented a sig-
nificant association with global cognitive score (Table 7).
Past studies have also reported significant associations
of gait metrics with global cognitive scores. For instance,
in [15] all gait parameters (i.e., speed, stride length,
cadence, and duration of stance, swing, and double sup-
port phases) had a significant correlation with cogni-
tive status as expressed by the Addenbrooke’s Cognitive
Examination Revised (ACE-R) score. In [44], gait speed
and stride length were positively correlated with ACE-R.
In [77], MoCA scores were significantly correlated with
gait speed and stride length.

Study strengths and limitations

Most of the previous studies relied on conventional gait
analysis instruments like instrumented walkways (e.g.,
in [26, 28, 37, 78], and [74]), or accelerometers placed on
the lower trunk (e.g., in [36, 41-44], and [15]) to evalu-
ate the gait of older adults with and without cognitive
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impairment. Although foot-worn inertial sensors and a
newly developed method for the gait analysis have been
employed in this study, our results concerning the assess-
ment of cognitive status showed no inferior discrimi-
nation ability, which denotes the potential of the newly
developed method. The proposed solution is conveni-
ent for use in clinical settings due to its simplicity and
flexibility.

In the past, studies have barely explored the utility of
DTEs to discriminate between older adults with and
without cognitive impairment. In our study, the DTEs
on several gait metrics provided significant differences
between groups (Table 2 and Table 3), could discrimi-
nate between groups (Table 6), and presented a sig-
nificant association with MoCA scores (Table 7). DTEs
offer a great potential to distinguish between groups as
they compare dual-task gait performance with baseline
(single-task) gait performance, thereby eliminating indi-
vidual baseline characteristics and representing only the
effects due to the addition of the cognitive task. Other
metrics, like foot flat, pushing, and loading ratios, strike
and liftoff angles, minimum toe clearance, and heel and
toe trajectories, have never been explored in related liter-
ature which constitutes a novel contribution of our work.
Parameters that are dependent on the interrelationship
between both feet (e.g., double support time) could not
be evaluated in our study since inertial sensors were not
temporally synced. According to past works, double sup-
port time could also be an important metric to discrimi-
nate older adults with cognitive impairment [15, 78].

Metrics known to influence gait parameters, like age,
sex, or height, were not considered in the analysis of
group differences, because they did not differ between
groups in the descriptive analysis. Yet, other poten-
tial covariates (e.g., the size of the leg according to [37],
medication effects, or others) were not considered in
this study, which may affect the results. For instance,
some studies have considered gait speed as a covariate
to control for the influence on variability parameters [37,
76] although, according to [79], the greater variability
observed in the gait of older adults may result more from
loss of strength and flexibility than from their slower
speeds. Nevertheless, the use of the DTEs may mitigate
some of the effects of the unknown or unconsidered
covariates as their influences on baseline gait data are not
expected to affect the dual-task decrements, i.e., study
participants are considered their own baselines [29].

The utility of discrete gait characteristics to discrimi-
nate between groups was determined by the AUC of
ROC curves. AUC values were between 0.7 and 0.8,
indicating that none of the separate gait parameters
had a strong individual predictive power. It should be
noted that the reported AUC values may not accurately
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represent the generalization performance of the logis-
tic regression models, as they were not evaluated in an
independent test set. Although previous studies have also
reported AUC values based on logistic regression mod-
els trained on the entire dataset (e.g., [37, 40, 75, 76], or
[29]), it is important to interpret the results cautiously
due to the potential presence of overfitting, even though
only one feature (one gait metric) was used to fit the
models (less prone to overfitting). Previous works sug-
gested that the combination of metrics in logistic regres-
sion models could provide better discrimination ability
[37, 38]. Considering that we had rather few participants
in this study and to further avoid the issue of overfitting,
we did not combine gait metrics. On the other side, sev-
eral gait metrics might be highly related and should not
provide additional discrimination ability. In several stud-
ies, gait metrics were summarized by their independent
factors using factor analysis, yielding 3 to 5 independent
domains, like pace, rhythm, variability, asymmetry, and
postural control [38, 76, 78, 80], that differed signifi-
cantly between groups [76, 78]. Due to the limited size of
the sample in our study, we were not able to assess the
independence of the gait characteristics and reduce the
dimensionality of the problem. Our results thus warrant
further investigations with larger and more heterogenic
groups of older adults, specifically focused on assessing
more complex relationships between variables and evalu-
ating the models on independent test sets.

Also, we could not compare our results with a strict
control group, i.e., a sample without mobility impair-
ment, although mobility impairment is known to affect
gait performance [81]. We should investigate whether
the dual-task assessments are or are not specific to the
detection of cognitive impairment when people without
mobility impairment (as determined by the SPPB scores)
are included. The newly developed gait analysis solu-
tion was able to find differences between those with and
without cognitive impairment in a sample with mobil-
ity limitations. Considering that mobility limitations are
very common in older adults—and frequently co-exist
with cognitive impairment [10, 11, 82]—it is important
to ensure that the developed solution can reliably assess
gait in participants with these characteristics. Further
research is, however, required.

In addition to the relatively small number of partici-
pants involved (low statistical power), other study limita-
tions should be pointed out. First, CI and control groups
were stratified according to their MoCA scores—the
diagnosis was not provided by the neuropsychologists.
Although MoCA is considered the preferred screen-
ing tool for primary care settings, it has a sensitivity of
81-97% [7], which may not be reliable. Additionally, the
order of the gait tests (single-task and dual-task) was
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fixed, which may have served as a limitation if individu-
als with cognitive impairment would fatigue more eas-
ily than those without cognitive impairment. Although
gait was affected by the dual task and could discriminate
between groups, the effects of walking on the cognitive
task were not evaluated in this study. According to [83],
the correct interpretation of the dual-task interference
requires an evaluation of both tasks under single- and
dual-task conditions as an effect might also be observed
on the performance of the cognitive task that may sup-
port the evaluation of the cognitive status (as in [43, 75],
and [29]).

Future work

Further research is required to demonstrate the validity
and reliability of gait metrics for clinical decision-mak-
ing. We should acquire data from a higher number of
participants, include older adults without mobility limi-
tations, and ask neuropsychologists to provide a formal
clinical diagnosis of the participants. We should explore
more advanced data analysis techniques, including data-
driven modeling approaches, e.g., based on machine
learning, to unveil more complex relationships between
variables and more complex patterns within the data. The
models developed to detect cognitive impairment should
be evaluated in an independent test set (never utilized in
the modeling phase) to assess the generalization perfor-
mance of the model. Feature selection and dimensional-
ity reduction techniques should be applied to reduce the
number of input variables and ensure their independ-
ence. We should not only evaluate gait but also evaluate
the performance of the cognitive task under single- and
dual-task testing to ensure a complete evaluation of the
motor-cognitive interference. Additional cognitive tasks
might be explored to maximize the interference of the
dual-task condition and its effects on the performance
of gait and cognition. Finally, we should investigate the
performance and the usefulness of the newly developed
methods in a real application scenario using a longitudi-
nal study design to estimate the predictive value of cogni-
tive decline based on gait measures.

Conclusions

The current pilot study strengthens the current evidence
that dual-task gait assessments can be an important tool
for the assessment of cognitive impairment. By employ-
ing foot-worn inertial sensors and the newly developed
gait analysis approach, the preliminary results of this
study could capture differences in multiple gait metrics
related to differences in cognitive performance. Several
dual-task effect metrics were explored for the first time,
revealing an increased susceptibility of the cognitive



Guimaraes et al. BMC Geriatrics (2023) 23:329

impairment group to dual-task effects when compared
to the control group. Further evaluation with a larger and
more diverse sample is required to establish the feasibil-
ity and reliability of the system in practical scenarios. The
validation of the solution in the future could make stand-
ardized dual-task assessments and foot-worn inertial
sensor-based gait analysis applicable as a fast-screening
tool in primary care settings to improve the early detec-
tion of cognitive impairment.
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