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Abstract

Background: There is considerable evidence that a person’s gait is affected by cogni-
tive load. Research in this field has implications for understanding the relationship
between motor control and neurological conditions in aging and clinical populations.
Accordingly, this pilot study evaluates the cognitive load based on gait accelerometry
measurements of the walking patterns of ten healthy individuals (18-35 years old).

Methods: Data points were collected using six triaxial accelerometer sensors and
treadmill pressure reports. Stride and window extraction methods were used to pro-
cess these data points and separate into statistical features. A binary classification was
created by using logistic regression, support vector machine, random forest, and learn-
ing vector quantization to classify cognitive load vs. no cognitive load.

Results: Within and between subjects, a cognitive load was predicted with accuracy
values ranged of 0.93-1 by all four models. Various feature selection methods demon-
strated that only 2-20 variables could be used to achieve similar levels of accuracies.

Conclusion: Coupling sensors with machine learning algorithms to detect the most
minute changes in gait patterns, most of which are too subtle to identify with the
human eye, may have a remarkable impact on the potential to detect potential neuro-
motor illnesses and fall risks. In doing so, we can open a new window to human health
and safety prevention.

Keywords: Gait, Cognitive load, Gait classification, Stride extraction, Machine
learning, Logistic regression, Support vector machine, Random forest, Learning vector
quantization

Background
A person’s way of walking, or gait, is a congenital human function, but the significance
of the way a person walks is often overlooked [1, 2]. Research has shown that the quality
of gait can deteriorate with multi-tasking, illness, and age [1, 2]. In fact, the health status
of individuals can be recognized by the way they walk [3, 4]. Since gait is heavily depend-
ent on the brain, nerves, and muscles, cognitive tasks performed in concert with walking
can change the gait pattern [5]. Thus, for older adults, maintaining balance and stability
while walking often requires additional attention [2, 6].

In addition to motor actions, we often think or solve problems [7]. This behavior is an
example of dual tasking, which is defined to be the “concurrent performance of two tasks
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that can be performed independently, measured separately and have distinct goals” [5,
7-9]. Dual-task walking, particularly when a cognitive task is added during walking, can
lead to reduced performance in gait quality and can result in cognitive-motor interfer-
ence (CMI) [5]. CMI results in a subtle cognitive impact upon the gait of healthy and
younger adults. Clinically, we can assess the effect of the addition of a secondary cogni-
tive task to the motor activity via reactions to different stimuli (e.g., colors and sounds),
manoeuvering through obstacles, using a cell-phone, or counting backward [7].

Cognitive difficulties have been associated with gait changes. For example, disorders
of gait have been related to the cognitive problems among those with mood disorders
(e.g., depression), dementia-related illnesses (e.g., Parkinson’s and Alzheimer’s diseases),
and other motor-cognitive disorders. While age-related cognitive dysfunction such as a
decreased ability to appropriately allocate attention may be mild, this additional cogni-
tive load has been related to gait problems. In some of these older adults, the cognitive
load has been shown to increase fall risk [7, 9, 10]. For older adults in the United States,
falls have devastating consequences and are costly, accounting for a significant number
of emergency department visits [11].

However, collection and consolidation of the multiple gait characteristics of human
gait can be time-consuming and costly to analyze; these are often captured via wearable
sensors such as uni-axial gyroscopes and accelerometers, or other equipment such as
pressures sensors, video capture, and other equipment [2, 6, 12]. Many of these instru-
ments generate an immense amount of data per observed person [13, 14]. For instance,
captured through accelerometer sensors placed on the chest, back or limbs, gait acceler-
ometry data results in thousands of x—y—z kinematic coordinates through time [15-17].
However, gait analysis via wearable sensors is a popular and inexpensive method, with
regard to cost and availability of portable sensors [18]. Wearable sensors are a suitable
alternative to larger laboratory equipment, because they still provide many benefits to
clinical prognosis, diagnosis, and treatment [18].

Data processing methods such as acceleration signal processing and machine learning
can help alleviate the stress of manipulating such large datasets. For example, machine
learning has been used with different speeds of walking, foot switches, or other forms
of walking combined with clinical outcomes (i.e., Parkinson’s disease) [13, 19, 20].
However, there has been limited research in machine learning for cognitive load clas-
sification using gait observations [7-9]. As a first step, it can be particularly useful to
do preliminary studies on healthy and young adults in order to establish a basic level of
biomechanical movement [21-23]. For example, Mannini et al. state that understanding
human physical activity can have future implications in movement technology (includ-
ing robotics) that could impact the elderly [21]. Thus, differentiating gait qualities due to
cognitive load in healthy and young adults can help us prepare a baseline measurement
that can be used to assess gait patterns in a more substantial elderly and ill population.

Through the use of machine learning, researchers can harness this data to predict
an individual’s gait patterns, cognitive overload, and fall risk [2, 20, 24, 25]. Commonly
used algorithms include supervised learning approaches such as logistic regression (LR)
[24, 26], support vector machine (SVM) [27, 28], random forest (RF) [29], and k-near-
est neighbors (KNN) [30]. However, KNN is negatively affected by increased dimen-
sionality, which is disadvantageous for processing the many features extracted from
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gait acceleration signal data. An alternative algorithm that bypasses this disadvantage
is learning vector quantization (LVQ), a neural network machine learning algorithm,
which operates similarly to KNN due to it being a precursor to the nearest neighbor
method [31]. There are many studies which have compared SVM with LR, RF, and KNN
algorithms; however, there are not many studies that have differentiated between cogni-
tive states using machine learning, particularly with the LR, SVM, RF, and LVQ methods.

The purpose of this study is to demonstrate a range of common machine learning
methods that can accurately detect changes in gait with cognitive load in healthy adults.
We plan to use a mobile gait data acquisition of stride characteristics of healthy human
participants during walking with and without an added cognitive task, and machine
learning algorithms, with cross-validation, to describe and classify cognitive status of

walking.

Methods

Study design and procedures

This study is a prospective cohort study with a repeated-measurements design, where
subjects were their own controls. Participation in the study consisted of two sessions in
which each session had five stages: affixing the sensors (10-20 min), first walking trial
(10 min), a rest period (10-20 min), second walking trial (10 min), and sensor detach-
ment (10 min). The two sessions of this study for each participant occur with at least 48
h between each session. Each session lasted for about 75-90 min.

The walking trials were performed on a treadmill which rested on top of a flat non-
compliant surface. The treadmill captured pressure data [in units of Newton force (N)].
The treadmill was set at a steady pace of 2.2 mph, which is 0.98 m/s which is less than
the usual adult walking speed of 1.2-1.3 m/s. This treadmill speed was chosen so that
all participants would be at a comfortable, and slower than usual walking speed to be
closer to a speed common among community-dwelling older adults and persons with
walking difficulties. The first walking trial consisted of walking, while the second walking
trial consisted of walking while counting backwards from 10,000 in increments of 7, an
arithmetic task that is mentally involved [32, 33]. We will refer to the first walking trial
as normal walking, while referring to the second walking trial as walking under cognitive
load.

Participants were affixed with six wGT3X-BT triaxial accelerometer sensors (produced
by ActiGraph LLC, Ford Walton Beach, Florida, USA) located on their chest, bilateral
ankles, wrists, and lower back (Fig. 1). These sensors captured linear accelerations (in
units of %) at a frequency of 80 Hz from the x;, y, and z directions which correspond to
the mediolateral (ML), vertical (V), and anteroposterior (AP) directions. Overall, each
sensor relayed 48,000 data points for each walking trial. The sensors were all clinically
accepted monitoring devices and presented minimal risk to the subjects.

All recorded data did not include any personal identifying information. This study’s
data collection and analysis was approved by the University of Pittsburgh Institutional
Review Board for ethical conduct and participant safety. All data processing and analysis
was done in R (versions 3.3.1-3.4.0) [34]. Machine learning methods were implemented
using R’s caret package [35].
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Fig. 1 Sensor locations on participants

Table 1 Demographic characteristics of study participants

Characteristic Mean (SD) or N (%)
Age 2140 (4.38)

Gender = male 5 (50 %)

Height (m) 1.72 (0.09)

Weight (kg) 66.36 (841)

BMI 2287 (1.65)
Subjects

Volunteers were recruited from the Pittsburgh area in Pennsylvania, USA. Participa-
tion in the study was entirely voluntary and could be discontinued at any time. Accel-
eration and treadmill pressure data were collected from ten healthy volunteers (18—35
years old) at the University of Pittsburgh. Other than age and a subjective percep-
tion of healthiness, no other screening criteria were included in the volunteer recruit-
ment. Demographic characteristics, such as gender, height (m), and weight (kg) were
taken at the time of the study. Body mass index (BMI) was also calculated (Table 1).
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Age, gender, and BMI have been known to affect biological outcomes; thus, they are
included as covariates in our statistical models.

Data processing

For each subject, a total of 24 raw acceleration datasets were obtained; however, only
the 12 raw datasets from session 1 were used due to the participants having a signifi-
cant difference in cognitive task accuracy, the ratio of number of correct responses (of
counting backwards from 10,000 in increments of 7) out of all responses, from session
1 to 2 (paired t-statistic = — 2.94, p-value = 0.017), likely due to a training effect. First,
a binary (0/1) variable called “cognitive load” was created to represent each trial, where
“cognitive load” would be set to 1 (trial 2) and O otherwise (trial 1). Second, for each trial,
the 6 raw datasets were compiled into one compiled raw dataset. Third, three data trans-
formations were done on these datasets to obtain a stride dataset and two observation
window datasets. Fourth, for each transformation, the datasets for trial 1 and trial 2 were
combined. This resulted in a total of 30 datasets (3 processed datasets per subject in ses-
sion 1) (Fig. 2).

Stride extraction

Acceleration signal based stride extraction is a clinically useful tool to evaluate cognitive
changes while walking concerning the gait cycle [36]. Successive heel strikes and toe-offs
on the same side have been used to define stride, stance, and swing intervals [37]. Heel
strike and toe-off events were extracted from the lower back sensor using the algorithm
outlined in Sejdic et al. [38]. Local minima points in the V direction correspond to toe-
offs, and local minima points in the AP direction are related to heel strikes [38]. The
order of which foot initially made the first step was found by taking the average of the
first 10 ms of acceleration in the ML direction [38]. If there was positive mean value, the
right foot came first; otherwise, the left foot came first [38].

A condensed description of this algorithm consists of the following steps: (1) pre-pro-
cessing gait accelerometry signals via median filters, (2) determine which foot came first
by calculating the average of the mediolateral acceleration signals in the first 10 ms, (3)
capture heel strike events via the local minima points in the AP signals, and (4) capture
toe-off events via the local minima points in the V signals.

Foot pressure based treadmill reports were used to validate sensor-derived heel strike
and toe-off events. When the subject pushes their foot off the ground, the pressure
reduces to 0 N; conversely, when the subject heel strikes, the pressure increases. Using
a technique from Truong et al. [39], an on/off filter was created to detect heel strike and
toe-off events for each foot. This on/off filter produced time points for when the foot
was on or off the ground. These time points were matched up to the stride events for val-
idation of Sejdi¢ et al’s method. An example of stride extraction and validation is shown
in Fig. 3.

Window extraction

A more straightforward alternative to stride extraction is the creation of sliding observa-
tion windows, by partitioning sensor signals into smaller time segments [40]. Partition-
ing into sliding observation windows is a conventional technique in activity monitoring
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Fig. 2 Dataset processing flowchart for each subject

Stride Datasets 5-sec Window Datasets
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Compiled Raw Datasets

30-sec Window Datasets

Compiled
30-sec Window
Dataset

and machine learning analysis of accelerometer data [21, 40]. For each subject and each
sensor, two datasets were formed: (1) acceleration signals were split up in 5-s intervals
with 50% overlap, and (2) acceleration signals were split up in 30-s intervals with 50%

overlap. An example of how window extraction is done is shown in Fig. 4.

Errant data removal

Data points were removed to eliminate any start-up, pausing, and ending effects to allow
the subject to become familiar with getting on and off the treadmill. For the stride data-
sets, the first fifty strides and the last five strides were removed. Outliers based on aver-
age stride time were removed using the interquartile range (IQR) rule [41]. Comparing
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the remaining strides is a statistical challenge because strides are characterized by vec-
tors of unequal lengths, and there are hundreds of strides to compare.

Thus, an ANOVA test [null hypothesis: no statistical difference in means of stride
features (see below in “Feature extraction” section) between strides] was done before
and after errant data removal and resulted in a p-value of 2.2e—16 and 1, respectively.
These results indicate that errant data removal was done correctly because the processed
strides were not distinguishable from the other. For the observation window datasets,
the first and last minute of the data were removed.

Stride time differences

Additionally, within each participant’s stride extracted data (n = 1351 to 1870 strides),
an ANOVA test was done between the stride time distributions between the trials. The
null hypothesis of this ANOVA test was “no statistical difference in the means of stride
times between strides” Typically, a large sample size will lead to statistical significance;
in this case, the stride times are expected to be significantly different.

Features

Feature extraction

In order to capture descriptors from each stride and window, it is common in gait studies
[24, 42] to calculate descriptive statistics from strides and windows. For each direction
(V, AP, and ML), twelve features were extracted from each stride and each observation
window in each of the six sensors. These twelve features were the mean, standard devia-
tion, pair-wise correlation, and pair-wise covariances of each of the three directions [43].
From the stride data specifically, times and lengths of the stance phase, swing phase, and
overall stride were also extracted. As a result, a 78-feature vector described each stride
whereas a 72-feature vector described each observation window.

Feature selection

High dimensionality may lead to over-fitting in machine learning analysis, and it is
advantageous to reduce the number of features. First, each of the four models was run
with all the features. Second, in order to select which features to include in machine
learning models, the following methods were performed: (1) for all four models, a cor-
relation matrix between each feature was constructed; highly correlated feature pairs
(r > 0.75) were found and within each pair, the feature with the highest mean absolute
correlation was removed; (2) the LR model ran step-wise variable selection, via a likeli-
hood ratio test, which selects the model with the lowest Akaike information criterion
(AIC) value [44]; (3) in the LVQ model, features were ranked by the absolute value of
the t-statistic for each feature parameter; and (4) in the RF and SVM models, recur-
sive feature elimination was done [45]. Some feature selection methods were utilized so
that decreased time for feature reduction and a consensus of essential features could be
reached for each model.

Machine learning models and evaluation
The presence of a cognitive load, represented by a binary (0/1) variable, was classified
based on gait feature vectors. For binary outcomes, the following four machine learning
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algorithms were used: LR, LVQ, SVM, and RF. Well-known evaluation metrics were used
such as accuracy, sensitivity, specificity, and area under the curve (AUC). In this report,
we present the accuracy (Eq. 1) values, with their 95% confidence intervals; sensitivity,
specificity, and AUC values are reported in Appendix (Figs. 8, 9, 10, 11, 12).

TP + TN
TP + TN + FP + FN

Accuracy = (1)
where TP is the number of true positives, i.e., the model identifies a cognitively loaded
stride/window that was labelled as cognitively loaded; TN is the number of true nega-
tives, i.e., the model identifies a non-cognitively loaded stride/window that was labeled
as not cognitively loaded; FP is false “cognitive” load identifications; and FN is false “no
cognitive load” identifications.

For each of the machine learning algorithms, we employ three different modelling
strategies: within subjects, between subjects, and leave one out. Feature selection was
performed after the datasets were processed for each model.

Within and between subjects
For the within-subjects model, each subject’s dataset was combined within each of the
three data types: strides (n = 1351 to 1870 strides), 5-s observation windows (n = 1280
windows), and 30-s windows (n = 320 windows). For the between subjects model, all
subjects’ datasets were combined within each of three data types: stride (n = 16,291
strides), 5-s observation windows (n = 12,800 windows), and 30-s windows (n = 3200
windows).

Datasets were split into training and test datasets; datasets were randomly split, using
a seed of 7 and the sample function in R, into 80%, which was used for training each
machine learning model, and 20%, which was used to evaluate the model’s performance.
The tenfold cross-validation method was used on each of the training sets, where the
training dataset was split into ten subsets. Each subset was held out while the model was
trained on all other subsets. This cross-validation process was repeated three times. The
final model was chosen by the best accuracy of these runs. Then this model is run on the

test dataset to validate the model.

Leave one subject out validation

A leave one subject out model was done to truly capture how well other subjects’ fea-
tures and data can predict an individual’s cognitive load. This was done by combining
all subjects’ datasets for only the stride data type. Each model was trained on nine out of
the ten subjects (n = 14,421 to 14,940 strides), and the model was tested on the remain-
ing subject (n = 1351 to 1870 strides). Training and testing were done ten times, and

average evaluation metrics were calculated.

Results
An equal number of adult males and females participated. The participants reported
good health, which was consistent with the mean BMI derived in the good condition

range (Table 1). All participants completed both study sessions.
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Stride characteristics

Within each of the ten subjects, the stride time distributions were not significantly
different between trials using ANOVA tests with a Tukey’s posthoc test (Table 2).
Earlier, we indicated that we expected the stride times to be significantly different
due to a large sample size of strides per subject. However, the test indicated differ-
ences in stride times cannot be differentiated, which suggests that machine learning
algorithms will have to be very sensitive when differentiating between cognitive load
vs. no cognitive load.

Machine learning results
For each model, all machine learning results reported were derived from the results of
the test dataset.

Within each subject, Fig. 5 depicts the accuracy values from all the models. From the
strides datasets, over all subjects, the mean (95 % t-distributed CI) of the accuracy of
LR is 0.998 (0.995, 1.00), LVQ is 0.999 (0.999, 1.00), RF is 0.998 (0.999, 1.00), and SVM
is 0.998 (0.996, 0.999). From the 30 s. window datasets, over all subjects, the mean (95%
t-distributed CI) of the accuracy of LR is 1.0 (1.0, 1.0), LVQ is 0.97 (0.93, 1.0), RF is 1.0
(1.0, 1.0), and SVM is 1.0 (1.0, 1.0). From the 5 s. window datasets, over all subjects, the
mean (95% t-distributed CI) of the accuracy of LR is 0.997 (0.993, 1.00), LVQ is 0.97
(0.93, 1.0), RF is 0.999 (0.998, 1.00), and SVM is 0.996 (0.994, 0.998).

Common influential features that appear for most participants in these models are the
means and standard deviations of the X, y, and z directions for the back sensor and ankle
Sensors.

Between all the subjects, Fig. 6 depicts the accuracy values from all the models. Com-
mon influential features that appear for most participants in these models were similar
to the within-subjects models, with the inclusion of the covariances and correlations of
the x, y, and z-direction of the chest sensor.

By training on nine out of ten subjects and testing on the remaining one, Fig. 7 depicts
the accuracy values from all the models for each tested subject. Over all subjects, the
mean (95% t-distributed CI) of the accuracy of LR is 0.59 (0.33, 0.85), LVQ is 0.47 (0.32,

Table 2 Number of strides and stride time comparison between trials 1 and 2, for each

subject
Subject Stride no. Stride time (s) [mean (SD)]
No cognitive load Cognitive load

1 1511 1.32(0.23) 1.29 (0.16)
2 1688 1.17(0.12) 1.20 (0.04)
3 1592 1.28 (0.18) 1.29 (0.07)
4 1705 1.22(0.17) 1.22(0.07)
5 1810 1.13(0.10) 1.12 (0.06)
6 1721 1.18(0.12) 1.20 (0.09)
7 1870 1.10(0.11) 1(0.08)
8 1565 1.22 (0.07) 1.25(0.03)
9 1478 1.24 (0.16) 1.24(0.04)
10 1351 1.24 (0.07) 1(0.09)
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. )

0.62), RF is 0.60 (0.40, 0.79), and SVM is 0.49 (0.26, 0.72). Feature reduction varied
greatly for these models, likely due to the inconsistency of accuracy results from one
subject to the other.
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We chose to present only accuracies, which is measured by dividing the number of
correct predictions by the number of predictions [46]. However, accuracy was not the
only evaluation metric; we calculated other evaluation metrics, such as sensitivity, speci-
ficity, and AUC values (Figs. 8, 9, 10, 11, 12).

Discussion

This study’s purpose was to implement signal processing on raw accelerometry gait data
and evaluate the performance of common machine learning methods, LR, RF, LVQ, and
SVM, to classify the presence of cognitive load in ten healthy adults.

Our machine learning models consisted of within-subject, between-subject, and leave
one subject out classification. Within-subject classification is clinically vital for preci-
sion (individual-specific) medicine because it can help health-care practitioners and
researchers more accurately predict which treatment strategy will work for a particular
person, without regard for differences in individuals [47, 48]. Leave one subject out clas-
sification is also relevant for precision medicine, and our attempt with ten individuals is
an example of how other people’s gait patterns can be used to train a machine learning
model to test on an individual. For example, model training on similar patients can be
done to help decide a treatment strategy for a patient. Conversely, between-subject clas-
sification only assesses an overall baseline of gait patterns over a population.

Not all four machine learning algorithms performed with consistently high accuracy,
among all three modelling approaches. In the within subjects model, The results show
that the LR, RE, and SVM algorithms recognized cognitive load accurately (with accu-
racy > 0.93) for both strides and windows. In particular, RF and SVM were consistently
strong performers amongst all data transformations, whereas LVQ performance varied.
As seen in Fig. 5, subjects 3, 5, and 6 had varied LVQ accuracy values for window data-
sets. Upon further inspection, feature selection with LVQ for the window datasets was

Page 12 0f 18
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not able to reduce the number of features. Feature selection was able to reduce the num-
ber of features in LR, RF, and SVM, but not in LVQ which could mean that there are too
many features in the model, which in turn could be picking up random noise instead of
the actual trend leading to erratic results. In the between subjects model, LR and SVM
algorithms performed well, and LVQ and RF were weak performers. LVQ being a weak
performer for both models is a surprising result because LVQ has proven to be a reliable
gait predictor in the past [49].

When we assessed the leave one subject out approach, many of the accuracy values
were lower than random chance. It was clear that due to gait differences between the
individuals, cognitive load prediction varied considerably. Even though the data points
for this approach were from the stride dataset and the sample size of these datasets
were large when put together for the training set, the result of the machine learning
algorithms suffered from having a limited overall sample size of ten individuals. Each
individual, albeit being similar in basic demographic characteristics, presumably have
different gait patterns. A low accuracy on the leave on out approach in this study may
require the following in order to get better results: (1) a high sample size of participants,
(2) more detailed demographic and medical characteristics of each participant, (3) dif-
ferent signal processing techniques, and/or (4) varied feature selection approaches by
either choosing different features or changing the feature reduction technique. Since this
approach has precision medicine implications and can be a bridge between the results
of the between subjects approach and the within subjects approach, it is relevant to our
discussion. We hope that with a higher sample size, the leave one subject out approach
will produce higher accuracy results; however these results do not discount the high
accuracy results of the within subjects approach.

Moreover, in machine learning, overfitting can become an issue, when there is low
training error and high generalization error. In particular, overfitting can occur when
there is a higher model complexity (too many parameters) or a small sample size. To
overcome overfitting in our models, we performed feature selection. Feature selection
resulted in 2—20 features per model used. Common features included ML signals in back
acceleration, stride time and length, V signals in chest acceleration, all signals in both
wrist acceleration, and all signals in both ankle acceleration. This suggests that collect-
ing data from one sensor, such as the back, chest, wrists, or ankles, will be sufficient to
determine differences in cognitive load. We also evaluated overfitting by including sen-
sitivity, specificity, and AUC values in our Appendix. Specificity and sensitivity values
were consistently above 0.90 for all algorithms and for the within and between subjects
models.

Overall, these findings are particularly compelling because the treadmill is a “dedi-
cated pacer” and the subjects’ were very similar to each other in both demographic and
gait characteristics, meaning that the machine learning algorithms, particularly in the
within subjects model, were sensitive enough to pick up the cognitive load.

Statistical signal processing is a time-consuming task, but stride extraction was per-
formed successfully and validated by the treadmill pressure reports for each subject
(Fig. 3). Even though stride extraction was done for each subject, window extraction
was also done to compare how predictive machine learning algorithms can be with-
out respect to gait cycle events. In the within subjects model, accuracy values between
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windows and strides were easily comparable, with the exception of the LVQ results. Due
to the time and memory consuming task of signal processing, window extraction is pref-
erable [50].

The data collection and analysis process had multiple limitations. First, the use of
the treadmill is not reflective of overground walking, which could lead to poor gener-
alizability in using this technique and these models for further gait analysis. However,
after treadmill familiarization, young and unimpaired individuals, particularly healthy
18-28 year olds, have been shown to have negligible differences or no differences at all
between overground and treadmill gait parameters and leg kinematics [51-53]. Second,
the low subject sample size (n = 10) may have led to poor accuracy values for the leave
one subject out method. However, the stride/window data used for the leave one subject
out method had sample sizes that were sufficiently large (please see “Leave one subject
out validation” section). Even though there may be low generalizability of the gait data
acquired by these subjects, future work in this area has the potential to be remedied by
a higher subject sample size and a more extensive set of acceleration signals. Third, the
cognitive task accuracy was not included in the machine learning models. Cognitive task
accuracy or other measures of how much cognitive load a person had during the walking
tasks could have biased the accelerometer data. For example, an individual could have
had more cognitive loading than another individual. However, this issue is partially alle-
viated due to the fact that the machine learning algorithms classified between the pres-
ence of cognitive load versus no cognitive load. We can see that this bias could have
possibly contributed to the poor leave one subject out results.

These findings contribute to the era of personalized medicine, which aims to improve
the potency of therapies at an individual level. To provide personalized medicine in gait
research, we must identify appropriate gait features that reliably predict differences in
cognitive load. Sensors are relatively inexpensive, and they can be used by healthcare
professionals and patients alike to track gait patterns. However, the analysis of raw sen-
sor data can be challenging without an appropriate tool; window separation of these
acceleration signals and machine learning analysis fills this gap. The implications of this
analysis can lead to the creation of a medical device that can be used in not only the
clinic but also in athletics.

Marrying sensors with machine learning algorithms has the potential to be an early
indicator of disease or fall risk, especially in older adults. Ageing has been known to
contribute to gait difficulties; even more so, gait impairment may be due to an intrinsic
disease [54]. In fact, those with gait disorders are more likely to have dementia symp-
toms than those without gait disorders. We can endeavour to identify these pre-clinical
changes in gait that are associated with a cognitive load for diagnosis or aid in other
therapies, such as combative cocktail therapies for neuromotor illnesses [55, 56].

Also, there is a quiescent need to identify cognitive status via different types of gait
disorders. While this study discriminated between two types of cognitive statuses,
this analysis has the potential to describe the overall spectrum of cognitive disorders.
Granted, this analysis will heavily depend on the population being studied, but separat-
ing the several neurological causes for gait disorders, such as stroke, ataxia, and Parkin-
son’s disease [54], can help add to the stock of knowledge of gait and cognitive faculties.
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Thus far, we have determined cognitive status with previously collected gait data.
Future work consists of predicting forthcoming continuous clinical outcomes from gait
data, predicting the acceleration signals of the next stride using forecasting algorithms
such as hidden Markov models and autoregressive integrated moving average, along
with other gait parameters, such as cadence.

Conclusion

In our study, we found that just by combining machine learning technology with
advanced signal processing methods on sensor data, we were able to detect cognitive
states accurately. Our features were derived from gait accelerometry signals from healthy
adult subjects. Moreover, we determined that using window extraction methods and
selecting gait features from data from only one sensor is satisfactory. These results have
an array of clinical implications, namely in personalized medicine and early detection
of neuromotor diseases. This successful pilot study provides a clear path for expansion,
due to its explicit findings and its potential application towards a much larger population
consisting of adults across a broad range of ages. Lastly, this is particularly provocative
due to the fusion of machine learning on gait accelerometry data that could lead to the
prediction of disease or gait instability in older adults.

Authors’ contributions

PD analyzed and interpreted the gait data and was the primary author of the manuscript. JV provided the clinical context
of the results, and was a major contributor in writing the manuscript. ES was the primary investigator in this study and
edited the manuscript. All authors read and approved the final manuscript.

Author details

! Department of Biomedical Informatics, School of Medicine, University of Pittsburgh, Pittsburgh, PA, USA. 2 Department
of Physical Therapy, School of Health and Rehabilitation Sciences, University of Pittsburgh, Pittsburgh, PA, USA. * Depart-
ment of Electrical and Computer Engineering, Swanson School of Engineering, University of Pittsburgh, Pittsburgh, PA,
USA.

Acknowledgements
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Availability of data and materials
The datasets analyzed during the current study are not publicly available due to the limitations of data sharing by the
IRB.

Consent for publication
Not applicable.

Ethics approval and consent to participate
This study was approved by the institutional review board (IRB) of University of Pittsburgh (No. PRO14060107), and
informed consent was obtained from volunteers.

Funding

This research is funded by the National Library of Medicine (National Institutes of Health) (Grant Reference Number:
4T15LM007059-30) and, in part, by the Pittsburgh Claude D. Pepper Older Americans Independence Center (NIA P30 AG
024827).

Appendix
See Figures 8, 9, 10, 11, and 12.



Dasgupta et al. BioMed Eng OnLine (2018) 17:122

‘Sensitvty for Within Subject Models using Strdes

Logistic Regression

[ N I )
Sudjects

Random Forest

[N A I I )
Sucts

Fig. 8 Sensitivity,

Learning Vector Quantization

‘Specificity for Within Subject Models using Strides

Logistc Regression

IR A A
Subjects
Random Forest

7 "
oo H
& oo
oses.
aseo- oot
A A AT I Y
Subjects
Support Vector Machine
asms- os9s-
z
g
oo % oso
g
&
oses oa8s
oseo- os%0-
A A A B )
Subjects

HE S N
Subjects

s

Learning Vector Quantization

%m
&
[ R
Subjects
Support Vector Machine
£
3 oo
&
&
ases-
aseo:
RN
Subjects

Y

AUC for Within Subject Models using Strides.

Logistc Regression
g
2
o580
oses-
[ IR I
Subjects
Random Forest
s
]
E
oses-

I A A Y
Subjects

Learning Vector Quanization
g
H .
o0,
oses-

L
Sudjects

‘Support Vector Machine

H
2
e
o
RN
Sudjects

HE IS

HE IS

specificity, and AUC values for the within subjects (stride dataset) model. Sensitivity values
using the “within subjects”model using the stride dataset

Sensitvty for Botween Subject Models.

Logistic Regression

Sonsitvty
§

H

'

#

P
> o
Aiorms
Random Forest
- .

Sensitvity

Learning Vector Quantization

Specifcty for Between Subjoct Models

Logistic Regression

ose- 5 2 ose-
g .
- | 3.
v Lk v v
'd 4 &
o o #
Agoritms Agorihms
‘Support Vector Machine Random Forest
oss- Pe
.
a*'&» eﬁy

Agorinms

Agorinms

Learning Vector Quantization

5 *
~ f‘& N
- R

Agoritms
‘Support Vector Machine
120 .

Agorihms

AAUC for Between Subject Models
Logistic Regression Learning Vector Quantization
Ed & Ed
o o
Ao -
Random Forest Support Vector Machine
g N
Sim Sl
3 Py 0 s 57 e
&S P A
o & o e

Agorithms

Agorinms

Fig. 9 Sensitivity, specificity, and AUC for the between subjects model. Sensitivity values using the “between

subjects”model

Sensitivty for Within Subject Models using 5 sec. windows.

Logistic Regression

g

3 omso

&

[ ————————
LR

RS )

Subjects

£
H
3

Learning Vector Quantization

£
asso Fomo
3
asso a0
Subi Subi
Support Vector Machine Random Forest
asers: asers.
z
3 om0
osas- aseas.
asoo aso

HESCR I )
Sublects

Specifcty for Within Subject Models using 5 sec. windows

Logistic Regression

Learning Vector Quantization

ase
g
H
L
ERRNRRE

‘Support Vector Machine.

osars

Specifcity

EE RS
Subjects

)

AUC for Within Subject Models using 5 sec. windows
Learning Vector Quantization

Logistic Regression

B
g

8 oseso-

09600~

Subjects
Random Forest

S omso

2

09000

it is bt e
Subjects

e e e

Subjects
‘Support Vector Machine

09975
g

ose2s-

LA

IREE]
Subjects

Fig. 10 Sensitivity, specificity, and AUC for the within subjects (5 s windows) model. Sensitivity values using
the "within subjects”model using 5 s windows

‘Sensitvityfor Within Subject Models using 30 sec. windows

Logistic Regression

I I R

098-
z
3 ose.
8

os7

os8-

‘Subjects.
Random Forest

Sansiviy
H

Subects

Sensitviy

Sensitviy

Learning Vector Quantization

e e e e e e e 0

H
H

‘Specifcty for Within Subject Models using 30 sec. windows.

Logistc Regression

» o
ose % ose
3
096 e
Subjects Subjects
upport
B S S SR T} Y
099 o9
z .
g
058 g ose
g
&
097 os7
096 096
Subjects Subjects

Learning Vector Quantization

os-
z ..
3o
&
og7-
oss-
[ IR A A A
Sudiects
‘Support Vector Machine
w0 e
0ss- 5
& .
’gm
&
oss-
oo-

Subjects

AUC for Within Subject Models using 30 sec. windows.

Logistic Regression
o995+ ¥
S oso
2
o08s- .
osm0
st
Random Forest
100+ ceeen
oses
g
G omo
osss-
o9%0-

st

Learning Vector Quantization
e o
aoms- - g
Som
2 .

asm

Subjcts
Support Vector Machine

g .
2om-

ase e o

Subjects

Fig. 11 Sensitivity, specificity, and AUC values for the within subjects (30 s windows) model. Sensitivity
values using the “within subjects”model using 30 s windows

Page 16 of 18



Dasgupta et al. BioMed Eng OnLine (2018) 17:122

‘Sensitivity for Within Subject Models using 30 sec. windows
Logistic Regression

‘Specifctyfor Within Subject Models using 30 sec. windows
Logistic Regression Learning Vector Quantization

AU for Within Subject Models using 30 sec. windows.
Logistic Regression Learning Vector Quantization

Learning Vector Quantization

1o 1244567850 P23 4567850 234567860 123 4567880 234567850
Subjects Subjects Subjects Subjects Subjects

‘Support Vector Machine Support Vector Machine

EEREREE TR RN ) R RN LS A I I A Y HE T R A}
Subjects Sudjects Sudiects Subjects Subjects Subjects

Fig. 12 Sensitivity, specificity, and AUC values for the leave one subject out model. Sensitivity values using
the “leave one subject out” model using the stride dataset

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Received: 28 March 2018 Accepted: 1 September 2018
Published online: 12 September 2018

References

1.

Nutt J, Marsden C, Thompson P. Human walking and higher-level gait disorders, particularly in the elderly. Neurol-
ogy. 1993;43(2):268-268.

Prakash C, Kumar R, Mittal N. Recent developments in human gait research: parameters, approaches, applications,
machine learning techniques, datasets and challenges. Artif Intell Rev. 2018;49(1):1-40.

Studenski S, Perera S, Patel K, Rosano C, Faulkner K, Inzitari M, Brach J, Chandler J, Cawthon P, Connor EB. Gait speed
and survival in older adults. JAMA. 2011;305(1):50-8.

Cummings SR, Studenski S, Ferrucci L. A diagnosis of dismobility—giving mobility clinical visibility: a mobility work-
ing group recommendation. JAMA. 2014;311(20):2061-2.

Mclsaac TL, Lamberg EM, Muratori LM. Building a framework for a dual task taxonomy. BioMed Res Int. 2015;2015:1-
10. https://doi.org/10.1155/2015/591475.

Woollacott M, Shumway-Cook A. Attention and the control of posture and gait: a review of an emerging area of
research. Gait Posture. 2002;16(1):1-14.

Fraser SA, Li KZ, Berryman N. Desjardins-Crepeau L, Lussier M, Vadaga K, Lehr L, Vu M, Tuong T, Bosquet L, Bherer L.
Does combined physical and cognitive training improve dual-task balance and gait outcomes in sedentary older
adults? Front Hum Neurosci. 2017;1:1-1. https://doi.org/10.3389/fnhum.2016.00688.

Hausdorff JM, Schweiger A, Herman T, Yogev-Seligmann G, Giladi N. Dual-task decrements in gait: contributing fac-
tors among healthy older adults. J Gerontol Ser. 2008;63(12):1335-43.

Montero-Odasso M, Muir SW, Speechley M. Dual-task complexity affects gait in people with mild cognitive impair-
ment: the interplay between gait variability, dual tasking, and risk of falls. Arch Phys Med Rehab. 2012;93(2):293-9.

. Montero-Odasso MM, Sarquis-Adamson Y, Speechley M, Borrie MJ, Hachinski VC, Wells J, Riccio PM, Schapira M,

Sejdic E, Camicioli RM, Bartha R. Association of dual-task gait with incident dementia in mild cognitive impair-
ment: results from the gait and brain study. JAMA Neurol. 2017;74(7):857-65. https://doi.org/10.1001/jamaneurol
.2017.0643.

. Ellis G, Marshall T, Ritchie C. Comprehensive geriatric assessment in the emergency department. Clin Intervent

Aging. 2014;9:2033-43.

. TaoW, LiuT, Zheng R, Feng H. Gait analysis using wearable sensors. Sensors. 2012;12(2):2255-83.
. Albert MV, Kording K, Herrmann M, Jayaraman A. Fall classification by machine learning using mobile phones. PLoS

ONE. 2012;7(5):36556.

. Chan H,Yang M, Wang H, Zheng H, McClean S, Sterritt R, Mayagoitia RE. Assessing gait patterns of healthy adults

climbing stairs employing machine learning techniques. Int J Intell Syst. 2013;28(3):257-70.

. Kavanagh JJ, Menz HB. Accelerometry: a technique for quantifying movement patterns during walking. Gait Pos-

ture. 2008;28(1):1-15.

. Bussmann J, Veltink P, Koelma F, Van Lummel R, Stam H. Ambulatory monitoring of mobility-related activities: the

initial phase of the development of an activity monitor. Eur J Phys Med Rehab. 1995;5(1):2-7.

. Mayagoitia RE, Nene AV, Veltink PH. Accelerometer and rate gyroscope measurement of kinematics: an inexpensive

alternative to optical motion analysis systems. J Biomech. 2002;35(4):537-42.

. Chen S, Lach J, Lo B, Yang G-Z. Toward pervasive gait analysis with wearable sensors: a systematic review. IEEE J

Biomed Health Inform. 2016;20(6):1521-37.

. Begg R, Kamruzzaman J. Neural networks for detection and classification of walking pattern changes due to ageing.

Aus Phys Eng Sci Med. 2006;29(2):188-95.

. Tahir NM, Manap HH. Parkinson disease gait classification based on machine learning approach. J Appl Sci.

2012;12(2):180-5.

Page 17 of 18


https://doi.org/10.1155/2015/591475
https://doi.org/10.3389/fnhum.2016.00688
https://doi.org/10.1001/jamaneurol.2017.0643
https://doi.org/10.1001/jamaneurol.2017.0643

Dasgupta et al. BioMed Eng OnLine (2018) 17:122

21.

22.

23.

24,

25.

26.

27.
28.

29.
30.
31
32.
33.
34.

35.
36.

37.
38.

39.

40.

41.
42.

43.

44,
45,

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

Mannini A, Sabatini AM. Machine learning methods for classifying human physical activity from on-body accelerom-
eters. Sensors. 2010;10(2):1154-75.

Bouten CV, Koekkoek KT, Verduin M, Kodde R, Janssen JD. A triaxial accelerometer and portable data processing unit
for the assessment of daily physical activity. IEEE Trans Biomed Eng. 1997;44(3):136-47.

Meijer GA, Westerterp KR, Verhoeven FM, Koper HB, ten Hoor F. Methods to assess physical activity with special refer-
ence to motion sensors and accelerometers. [EEE Trans Biomed Eng. 1991;38(3):221-9.

Begg R, Kamruzzaman J. A machine learning approach for automated recognition of movement patterns using
basic, kinetic and kinematic gait data. J Biomech. 2005;38(3):401-8.

Pogorelc B, Bosnié Z, Gams M. Automatic recognition of gait-related health problems in the elderly using machine
learning. Multimedia Tools Appl. 2012;58(2):333-54.

Schumacher M, RoBner R, Vach W. Neural networks and logistic regression: Part I. Comput Stat Data Anal.
1996;21(6):661-82.

Suykens JA, Vandewalle J. Least squares support vector machine classifiers. Neural Process Lett. 1999;9(3):293-300.
Weston J, Mukherjee S, Chapelle O, Pontil M, Poggio T, Vapnik V. Feature selection for support vector machines. In:
Advances in neural information processing systems. 2001. p. 668-74.

Breiman L. Random forests. Mach Learn. 2001:45(1):5-32.

Cover T, Hart P. Nearest neighbor pattern classification. [EEE Trans Inform Theory. 1967;13(1):21-7.

Kohonen T. Learning vector quantization. In: Self-organizing maps. Berlin: Springer; 1995. p. 175-189.

Logie RH, Baddeley AD. Cognitive processes in counting. J Exp Psychol. 1987;13(2):310.

Beauchet O, Dubost V, Gonthier R, Kressig RW. Dual-task-related gait changes in the elderly: does the type of cogni-
tive task matter? Gerontology. 2005;51(1):48-52.

R Core Team. R: A language and environment for statistical computing. R Foundation for statistical computing,
Vienna: R Foundation for Statistical Computing. 2016. https://www.R-project.org/.

Kuhn M. Caret package. J Stat Softw. 2008;28(5):1-26.

Brach JS, Swearingen JM, Perera S, Wert DM, Studenski S. Motor learning versus standard walking exercise in older
adults with subclinical gait dysfunction: a randomized clinical trial. J Am Geriatr Soc. 2013;61(11):1879-86.

Gage JR, Deluca PA, Renshaw TS. Gait analysis: principles and applications. J Bone Joint Surg. 1995;77(10):1607-23.
Sejdi¢ E, Lowry KA, Bellanca J, Perera S, Redfern MS, Brach JS. Extraction of stride events from gait accelerometry
during treadmill walking. IEEE J Transl Eng Health Med. 2016;4:1-11.

Truong PH, Lee J, Kwon A-R, Jeong G-M. Stride counting in human walking and walking distance estimation using
insole sensors. Sensors. 2016;16(6):823.

Preece SJ, Goulermas JY, Kenney LP, Howard D, Meijer K, Crompton R. Activity identification using body-mounted
sensors—a review of classification techniques. Physiol Meas. 2009;30(4):1.

Tukey JW. Exploratory data analysis. New York: Wesley; 1977. p. 2-70.

Begg RK, Palaniswami M, Owen B. Support vector machines for automated gait classification. IEEE Trans Biomed
Eng. 2005;52(5):828-38.

Sejdi¢ E, Lowry KA, Bellanca J, Redfern MS, Brach JS. A comprehensive assessment of gait accelerometry signals in
time, frequency and time—frequency domains. IEEE Trans Neural Syst Rehab Eng. 2014;22(3):603-12.

Akaike H. Factor analysis and AIC. Psychometrika. 1987;52(3):317-32.

Guyon |, Weston J, Barnhill S, Vapnik V. Gene selection for cancer classification using support vector machines. Mach
Learn. 2002;46(1):389-422.

Baratloo A, Hosseini M, Negida A, El Ashal G. Part 1: simple definition and calculation of accuracy, sensitivity and
specificity. Emergency. 2015;3(2):48-9.

Ashley EA. The precision medicine initiative: a new national effort. JAMA. 2015;313(21):2119-20.
Desmond-Hellmann S, Sawyers C, Cox D, Fraser-Liggett C, Galli S, Goldstein D, Hunter D, Kohane |, Lo B, Misteli T.
Toward precision medicine: building a knowledge network for biomedical research and a new taxonomy of disease.
2011. pp. 1-142.

Kohle M, Merkl D, Kastner J. Clinical gait analysis by neural networks: issues and experiences. In: Proceedings of the
tenth IEEE symposium computer-based medical systems. New Jersey: IEEE; 1997. p. 138-43.

Wang N, Ambikairajah E, Redmond SJ, Celler BG, Lovell NH. Classification of walking patterns on inclined surfaces
from accelerometry data. In: 2009 16th international conference on digital signal processing. New Jersey: IEEE; 2009.
p. 1-4.

Riley PO, Paolini G, Della Croce U, Paylo KW, Kerrigan DC. A kinematic and kinetic comparison of overground and
treadmill walking in healthy subjects. Gait Posture. 2007;26(1):17-24.

Matsas A, Taylor N, McBurney H. Knee joint kinematics from familiarised treadmill walking can be generalised to
overground walking in young unimpaired subjects. Gait Posture. 2000;11(1):46-53.

Lee SJ, Hidler J. Biomechanics of overground vs. treadmill walking in healthy individuals. J Appl Physiol.
2008;104(3):747-55.

Snijders AH, Van De Warrenburg BP, Giladi N, Bloem BR. Neurological gait disorders in elderly people: clinical
approach and classification. Lancet Neurol. 2007;6(1):63-74.

Pantelopoulos A, Bourbakis NG. A survey on wearable sensor-based systems for health monitoring and prognosis.
IEEE Trans Syst Man Cybern. 2010;40(1):1-2.

Muro-De-La-Herran A, Garcia-Zapirain B, Mendez-Zorrilla A. Gait analysis methods: an overview of wearable and
non-wearable systems, highlighting clinical applications. Sensors. 2014;14(2):3362-94.

Page 18 of 18


https://www.R-project.org/

	“You can tell by the way I use my walk.” Predicting the presence of cognitive load with gait measurements
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusion: 

	Background
	Methods
	Study design and procedures
	Subjects
	Data processing
	Stride extraction
	Window extraction
	Errant data removal
	Stride time differences

	Features
	Feature extraction
	Feature selection

	Machine learning models and evaluation
	Within and between subjects
	Leave one subject out validation


	Results
	Stride characteristics
	Machine learning results

	Discussion
	Conclusion
	Authors’ contributions
	References




