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Abstract

Background: Neurodegenerative diseases (NDDs) are prevalent among older adults worldwide. Early diagnosis of NDD is
challenging yet crucial. Gait status has been identified as an indicator of early-stage NDD changes and can play asignificant role
in diagnosis, treatment, and rehabilitation. Historically, gait assessment has relied on intricate but imprecise scales by trained
professional's or required patients to wear additional equipment, causing discomfort. Advancementsin artificial intelligence may
completely transform this and offer a novel approach to gait evaluation.

Objective: Thisstudy aimed to use cutting-edge machine learning techniquesto offer patients anoninvasive, entirely contactless
gait assessment and provide health care professionals with precise gait assessment results covering all common gait-related
parameters to assist in diagnosis and rehabilitation planning.

Methods: Data collection involved motion data from 41 different participants aged 25 to 85 (mean 57.51, SD 12.93) years
captured in motion sequences using the Azure Kinect (Microsoft Corp; a 3D camerawith a 30-Hz sampling frequency). Support
vector machine (SVM) and hidirectional long short-term memory (Bi-LSTM) classifiers trained using spatiotemporal features
extracted from raw data were used to identify gait typesin each walking frame. Gait semantics could then be obtained from the
frame labels, and all the gait parameters could be calculated accordingly. For optimal generalization performance of the model,
the classifiersweretrained using a 10-fold cross-validation strategy. The proposed algorithm was al so compared with the previous
best heuristic method. Qualitative and quantitative feedback from medical staff and patients in actual medical scenarios was
extensively collected for usability analysis.

Results: The evaluations comprised 3 aspects. Regarding the classification results from the 2 classifiers, Bi-LSTM achieved
an average precision, recall, and F;-score of 90.54%, 90.41%, and 90.38%, respectively, whereas these metrics were 86.99%,
86.62%, and 86.67%, respectively, for SVM. Moreover, the Bi-L STM—based method attained 93.2% accuracy in gait segmentation
evaluation (tolerance set to 2), whereasthat of the SV M-based method achieved only 77.5% accuracy. For thefinal gait parameter
calculation result, the average error rate of the heuristic method, SVM, and Bi-LSTM was 20.91% (SD 24.69%), 5.85% (SD
5.45%), and 3.17% (SD 2.75%), respectively.

Conclusions:  This study demonstrated that the Bi-LSTM—-based approach can effectively support accurate gait parameter
assessment, assisting medical professional sin making early diagnoses and reasonabl e rehabilitation plansfor patientswith NDD.
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Introduction

Background

Neurodegenerative diseases (NDDs) have an insidious onset,
long duration, and limited effective treatment options and
primarily affect middle-aged and older individuals. NDDs also
result in substantial economic losses annually. A survey in
Sweden [1] reported that the total cost of devel oping Parkinson
disease per person was at €13,800 (US $14,763.50) per year. A
study by Yang et a [2] reveded a US prevaence of
approximately 1 million individuals diagnosed with Parkinson
diseasein 2017 and atotal economic burden of US$51.9 billion.
Gait change, present in the early stages of nearly all NDDs[3],
could play acrucia rolein early diagnosisif accurately assessed.
Early diagnosisallows potential patientsto modify their lifestyle,
seek active medication, and slow disease progression, thus
improving their quality of life[4,5].

Current NDD diagnosis predominantly relies on standardized
scales [6-9], which exhibit considerable error. The quality of
patient-physician communication and manual scale recording
can affect disease quantification. It has been demonstrated that,
even for specialist neuroscientists focusing on movement
disorders, diagnostic accuracy error rates have reached
approximately 20% [10]. For instance, the Unified Parkinson’s
Disease Rating Scale [6] has been widely used because of its
simplicity and established clinical validation. These methods
generaly rely on clinicians expertise to assess patients
symptoms and assign scores accordingly. However, these scales
are subject to interrater variability and potential observer bias
and can be influenced by physicians' subjective experiences.
Although widely adopted, these limitations highlight the need
for more accurate, objective, and reliable assessment methods
that can reduce human error and improve the diagnostic process
for NDDs.

To satisfy this need, numerous studies are exploring progressive
sensorsor advanced artificial intelligence dgorithmsas auxiliary
assessment methods, which can be divided into contact and
noncontact approaches. Contact methods use gait-rel ated tasks
using wearable-based inertial measurement unit sensors[11] or
optical matching with marker points on the human body [12],

Textbox 1. Flaws of the heuristic methods.

resulting in intrusiveness [13-15] and potentially preventing
patients from exhibiting their problems in a relaxed state.
Noncontact methods, relying on computer vision [16-19] or
signals[20], improvethissituation. Therefore, we chose Kinect
(Microsoft Corp) [21] for data collection because of its
noninvasive nature, rea-time data capture capability,
cost-effectiveness, and ability to capture rich 3D skeletal data.
These advantages make Kinect asuitable choicefor gait analysis
in both clinical and research settings.

Before this study, the most common approach to achieving this
objective involved heuristic methods [22-25]. Latorre et al [26]
compared various heuristic methods, finding that using ankle
speed to locate the hedl strike and toe-off and obtain the gait
parameter could yield the highest accuracy for gait parameter
calculation among heuristic methods. Despite their simplicity,
these methods have not been widely recognized by physicians
owing to their unsatisfactory assessment performance. In our
opinion, they are flawed in at least 3 aspects (Textbox 1).

Considering these limitations, there is a clear need for a more
comprehensive and accurate approach to gait assessment that
addresses these shortcomings and better supports the early
diagnosis of NDDs.

Inspired by these drawbacks, we developed our method by
combining multiple spatiotemporal features, carefully
constructing gait cycles, and leveraging timing information.
Simultaneously, we aimed to use machine learning advantages
to overcome the heuristic weaknesses. To the best of our
knowledge, our approach isthefirst to use machine learning to
obtain accurate gait parameter results based on the precise gait
semantic segmentation. Specifically, we initially used Kinect
to capture the raw skeleton information and designed 32
spatiotemporal features accordingly. We then pioneered a
2-stage approach to gait assessment. The first stage combined
featurestotrain classifiersfor the gait states of each frame. The
second stage extracted the gait semantics based on predicted
gait states and obtained the legitimate sequence of gait semantics
by filtering gait semantics. The legitimate sequence of gait
semantics enabled the further calculation of accurate gait-related
parameters.

Overreliance on a singlefixed feature

I nability to achieve precise segmentation of gait semantics

Under use of timing information

that could improve the accuracy of gait assessment.

«  Heuristic methods often depend on just 1 feature for gait analysis, which may not capture the complexity of gait patterns in patients with
neurodegenerative diseases. Thisreliance on asingle feature makes it challenging to assess the overall gait performance accurately.

«  Heuristic methods often struggle to segment gait cycles accurately, whichiscrucia for understanding the subtle changesin gait patterns associated
with neurodegenerative diseases. This limitation can lead to inaccuracies in the assessment of gait performance and hinder early diagnosis.

o Heuristic methods do not make full use of the timing information present in gait data. I ncorporating temporal featuresis essential for understanding
the dynamics of gait patternsand detecting potential abnormalities. By neglecting the temporal aspect, these methods may misscritical information
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Objectives

In this study, we primarily focused on validating the
effectiveness of our proposed noncontact gait analysis method
using Kinect technology and machine learning for the early
diagnosisof NDDs. In addition, we aimed to assess the usability
of our method to ensure that it can be easily adopted in clinical
settings for more accurate and efficient gait analysis. By
addressing both validation and usability aspects, our research
aimed to offer acomprehensive solution for the early diagnosis
of NDDs, which can potentialy improve the quality of life of
affected individuals.

Jing et a

Methods

Overview

The overview of our method isillustrated in Figure 1, with steps
1 to 3 representing the preprocessing stage, involving data
collection and labeling. Step 4 involved training the
frame-to-frame classifier, whereas steps 5 to 7 involved selecting
the appropriate gait cycles. Finaly, in step 8, the parameters
were calculated based on the outcome of step 7.

Figure 1. The overview of our algorithm. LD: left foot down; LU: left foot up; GPM: gait pair mechanism; RD: right foot down; RU: right foot up.
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Recruitment

A total of 41 participants were recruited from a hospital: 30
(73%) male and 11 (27%) female participants. Data collection
was conducted safely under the direction and supervision of
physicians in compliance with the local ethics policy, with
informed consent obtained from al participants. All data
collected in this study were secondary analyses of previously
collected research data, and the original informed consent
obtained during the primary data collection process included
provisionsfor secondary analysiswithout the need for additional
consent. Participants' privacy and confidentiality were protected
throughout the study. All collected data were deidentified, and

Table 1. Agedistribution of the participants (N=41).

any potentially identifying information was removed before
analysis. Measureswere taken to ensure that the datawere stored
securely, and access to the data was limited to authorized
members of the research team. The age range of the data set
was 25 to 85 years, and the average age was 57.51 (SD 12.93)
years. The age distribution is shown in Table 1. By studying a
sample with awide age distribution, we could better assess the
applicability and accuracy of our approach in patients of
different ages. More specific statistical values of actua gait
parametersin the dataset are shownin Table 2. Thedistribution
of the data set was differentiated; thus, it was feasible to take
this data set into use for our training and evaluation.

Agerange (years) Participants, n (%)
25-35 2(5)

35-45 5(12)

45-55 6(15)

55-65 16 (39)

65-75 11 (27)

75-85 1(2)
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Table 2. Statistics of the actual parameters of the data set.

Jing et a

Gait parameter (unit) Minimum First quartile Median Third quartile  Maximum
Speed (m/s) 0.540 0.895 0.979 1.046 1.428
LeftStride (m) 0.497 0.926 1.025 1.129 1.437
RightStride (m) 0.498 0.943 1.024 1.113 1.334
LeftStrideSpeed (m/s) 0.510 0.947 1.036 1.186 1.677
RightStrideSpeed (m/s) 0.521 0.935 1.049 1.169 1.483
LeftStep (m) 0.163 0.464 0.527 0571 0.693
RightStep (m) 0.278 0.437 0.493 0.523 0.706
LeftCadence (steps/min) 89.570 112.264 125.067 134.620 154.677
RightCadence (steps/min) 87.901 116.061 125.974 133.074 143.690
LeftCycle () 0.812 0.895 0.967 1.039 1.352
RightCycle () 0.808 0.894 0.956 1.067 1.333
LeftSwing (%) 20.910 27.203 29.378 30.363 37.958
RightSwing (%) 22.850 27.631 29.628 31.464 35.674
LeftStance (%) 62.042 69.637 70.622 72.797 79.090
RightStance (%) 64.326 68.536 70.372 72.369 77.150
DoubleSupport (%) 27.825 39.076 40.867 43.992 54.593
LeftSwingSpeed (m/s) 1.495 2.361 2.555 2.923 3519
RightSwingSpeed (m/s) 1.598 2.236 2.534 2.830 3.589
Procedure 2. Datacollection started when the participant was standing still

We used the Azure Kinect [17], a 3D camera developed by
Microsoft, positioned 0.65 m from the ground to record the gait
data. A walking area of 5 m in length was established in front
of the Kinect. Participants were asked to walk back and forth 3
timesin anatural walking posture, including actions of standing
still, moving forward, and turning around, as shown in Figure

Figure 2. A decomposition of gait states during awalking round trip.

at the starting point and stopped when they compl eted the final
turnaround and stood still again. The length of the video
depended on the walking status of each participant, typically
taking approximately 20 secondsfor participantswithout NDDs
and longer for those exhibiting gait patterns associated with
NDDs. After data collection, each frame of the video was
annotated using an open-source annotation tool [27].
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Label Definition

Data Annotation

Overview

To label each frame in the data sequence, we defined 5 types
of labels and provided an explanation for their use. We aso
introduced the concept of gait semantics and described how to
precisely locate them from labeled frames. On the basis of these
semantics, we were able to calculate the gait parameters.

https://www.jmir.org/2023/1/e46427

We defined 5 states for a complete gait cycle: standstill(S), left
swing(L), double support(D), right swing(R), and turnaround(T)
(as shown in Figure 3). Thiswas done because agait cycleisa
dynamic process that combines both feet's movements. If we
only focus on the left or right foot, a gait cycle consists of |eft
foot swing, left foot support, right foot swing, and right foot
support. However, thereis a brief cross when the left and right
foot move continuously, when both feet arein the landing state,
that is different from a standstill. Medically, this phenomenon
isreferred to as double support.
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Figure 3. Thedivision of gait states during straight ahead.
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Gait Semantic Definition

We visualized thelabels of apiece of gait data, with each frame
corresponding to a unique label to mark the current gait state
(shown in Figure 4). We defined 7 gait semantics that served
aslocalizersfor statetransitions of gait: gait start (Gaitg,,), left
foot up (L), Ieft foot down (Lgown), right foot up (Ryp), right
foot down (Ryoun), turnaround start (Turng,,,), and turnaround
end (Turng,g). These semantics were obtained by dlicing the
successive gait states and calculated as per equations 1 to 7.
Preciselocalization of these semanticsiscrucial for calculating
the final gait parameters.

Lgown: (State=D) O (statg_,=L) (1)
rdown: (State=D) [ (state_ 1=R) (2)
Ly (state=L) O(statg_,=D) (3)
Ry (state=R) O (state_ ;=D) (4)
Turng,,: (state=T) O (state_,£T) (5)
Turng,q: (statezT) O (state_ 1=T) (6)
Galtyy: (statezS) O (state_ 1= (7)

In these equations, state, and state,_ ; indicate the gait state of
theith and (i — 1)th frame, respectively.

Figure 4. Schematic diagram of the state of the gait process. Ldown: left foot down; Lup: left foot up; Rdown: right foot down; Rup: right foot up;

Turnstart: turnaround start; Turnend: turnaround end.
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Feature Design and Extraction

We designed features that considered spatiotemporal motion
and relative position between skeletal points. The lower body
consists of 9 pivotal points: the “pelvis,” “left hip,” “right hip,”

https://www.jmir.org/2023/1/e46427
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“left knee,” “right knee,” “left ankle,” “right ankle,” “left foot,”
and “right foot.” The temporal feature contains the speed of
these points in the 3 directions (X, y, and z). The 32 features
listed in Textbox 2 congtitute the overall feature tensor of 1 data
frame.
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Textbox 2. Spatial, temporal, and movement features used in our method.
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Temporal
« Joint speed (3 x lower body joint [X, y, and Z])

Spatial

«  Distance between people and the camera (1)

M ovement

«  Distance between the knees (1)

«  Distance between the pelvis and the feet (2)
« Angleof waist rotation (1)

Algorithm

Overview

Our algorithm consists of 2 stages. In the first stage, we
constructed a classifier for single-frame gait label prediction
based on the features (as mentioned in the Feature Design and
Extraction section). We explored a non-time-series classifier
(support vector machine[SVM] [28]) and atime-seriesclassifier
(bidirectional long short-term memory [Bi-LSTM] [29]) to
determine the most suitable option for the current application
scenario. In the second phase, gait semantics were identified
and located, and available gait cycles were selected using our
proposed gait pair mechanism (GPM; detailed description in
the Segmentation, GPM, and Calculation section) to calculate
precise gait parameters.

Preprocessing

Each gait label was associated with asingle frame, whereasthe
Azure Kinect captured data at a rate of 30 frames per second,
yielding 30 gait labels per second. In SVM, individual frames
served as inputs for training and prediction processes.

Conversely, for the Bi-LSTM, motion sequences were input
into the model maintaining afixed sequence length (seq_len=5
in practice). Subsequently, each participant’s gait process was
partitioned into sequences, which were supplemented with
integer 0 in instances where the sequences were insufficient in
length. Following randomization of all sequences, they were
introduced into the Bi-L STM classifier to facilitate the training
process.

Frame Classification

For the first-stage classifier selection, we evaluated both the
non-time-series SVM and thetime-series Bi-LSTM classifiers.

Non-Time-Series Classification

We used the SVM classifier with aradia basis function kernel
as the representative for non—time-series classifiers for the
reasons outlined in Textbox 3.

In summary, we chose SVM as a nonserial model because of
its strong generalization ability, high flexibility, and successful
application to real-world problems. These characteristics make
SVM asuitable nonserial model for this study.

Textbox 3. Reasons for using support vector machine (SVM) as the representative for non-time-series classifiers.

SVMshave a strong generalization capability [28]

relatively good results when the model is applied to new, unseen data.

SVMsare highly flexible [30]

and provide better classification performance.

Successful applications of SVMsto real-world problems[31]

«  SVMs provide better generalization performance based on the principle of structural risk minimization. This means that SVMs can produce

«  SVMscan use different kernel functions to handle both linear and nonlinear problems. This allows SVMs to adapt to various data distributions

« SVM has demonstrated its superior performance in many real-world problems in areas such as image classification and text classification. This
shows that SVM has high practicality and can be well adapted to various problems.

Time-Series Classification

We used Bi-LSTM as the representative for time-series
classifiersfor the reasons outlined in Textbox 4.

https://www.jmir.org/2023/1/e46427
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Textbox 4. Reasons for using bidirectional long short-term memory (Bi-LSTM) as the representative for time-series classifiers.

Long short-term memory (LSTM) [32]

« LSTM isaspecia typeof recurrent neural network (RNN) that captures|ong-term dependencies and solves the gradient disappearance or gradient
explosion problem faced by traditional RNNs when dealing with long sequences. LSTM has been shown to have superior performance in many
time-series tasks, especially when dealing with sequential data with complex dependencies.

Bidirectional model

« Bi-LSTM isavariant of LSTM that captures contextual relationships in sequences by learning both forward and backward information. This
allows Bi-LSTM to better understand the patterns and dependencies in a gait sequence, ultimately improving the prediction of gait labels for

each frame [33].

Maturity and wide application

«  Bi-LSTM hasachieved remarkableresultsin many fields (eg, speech recognition [33] and medicine [34]), demonstrating its capability in processing
time-series data. Moreover, as alarge amount of experience has been accumulated on Bi-LSTM in previous research, there are many resources

to draw from for implementation and optimization.

Although we are aware that other temporal models (eg, gated
recurrent unit [35], 1D convolutional neural network [36], and
transformer [37]) may have advantages in some aspects, based
on a combination of performance, implementation difficulty,
and existing experience, we believe that Bi-LSTM is an
appropriate choice.

In choosing the classifiersfor this study, we considered several
factors, such as the effectiveness in capturing the complex
patterns in gait analysis, computational complexity, and ease
of deployment. First, by comparing different typesof classifiers,
we can gain a more comprehensive understanding of their
strengthsand limitations when tackling real-world gait analysis
problems. Thiswill help us provide valuableinsightsfor future
research and provide referencesfor other researchersinthefield
of gait analysis. Second, although Bi-LSTM may outperform
SVM in some aspects, we still need to demonstrate this
empirically. In fact, SYM may have a better performance in
some cases. For example, SVM has better robustness and
effectiveness in handling high-dimensional data with lower
generaization errors. Therefore, using SVM asacontrol group
can help us verify the practical advantages of Bi-LSTM in this
application area.

Segmentation, GPM, and Calculation

Overview

Obtaining precise gait semantic locationsisessential for accurate
parameter calculations. However, it isnot enough; itisrequired
that the gait semantics used for the calculations are correct. In
more detail, if 2 consecutive gait states are incorrect owing to
noisein the data, then the gait semantics generated by these gait
states must be wrong even if they are extremely precise.
Unfortunately, noise in the data is inevitable, so the
aforementioned scenario is very likely to occur. To avoid the

https://www.jmir.org/2023/1/e46427

catastrophi c consegquencesfor the calculation results, it requires
filtering out the subset that can be used for cal culation from the
known gait semantics. Hence, in this section, we propose an
inspection method called GPM to ensure that all the gait cycles
used for calculation are available.

Gait Segmentation

The first step is to locate the gait semantics from the labels
predicted by the classifier.

Available Gait Cycles

The smallest unit we used to calculate gait parameters was the
gait cycle, and to ensure the accuracy of the calculation, data
located in the turnaround interval were ignored. This means
that we only took data from straight intervals to construct gait
cycles. Each complete and correct gait cycle should be
composed of 4 consecutive gait semantics, for example, L, to
Lgown t0 Ryp 10 Rygun- The starting position of this chain could
be any semantic, and we list more examples of available gait
chainsin Figure 5. GPM is responsible for ensuring that only
the correct gait cycle is retained. For instance, if a gait cycle
contains an incorrect gait semantic sequence such as L, to
Ryown: then the gait cycle will be discarded directly. Finaly,
after traversing the entire data sequence, we obtained all the
available gait cyclesin this data sequence, which were used for
parameter calculation.

Some parameters must be calculated based on adjacent gait
cycles (eg, equation 8), but they may have no neighbor (the
GPM discards adjacent gait cycles). Therefore, we built a gait
cycle dictionary for each data sequence (shown in Table 3)
during the GPM operationsto record. The key to the dictionary
isanumber that increases from 0, and the value is a gait cycle
linked list.

JMed Internet Res 2023 | vol. 25 | e46427 | p. 7
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Figure5. Thelegitimate sequence of gait semantics. The gray squares represent specific gait semantics. Starting from any gray square, the subsequent

gait semantics defined in the direction of the arrow are legal.

Turnaround  ——— —

|

Right up

Left up

|

=——p  Right down <—

Left down

Right up

o Left up —  Left down

l |

= Right down = Turnaround

l

Table 3. Thedictionary built for maintaining the relative relationship between gait cycles during the gait pair mechanism.

Key Vaue Available
0 Ldown™ to Rupb to Riown’ to I-upd Yes
1 Ldown 10 Ryp t0 Rown to Lyp Yes
2 Ldown to Rup to Ryp No
3 Lup to Ldown t0 Rup t0 Rdown Yes
4 Lup to Ldown to Ryp to Lyp No

3 down: left foot down
bRup: right foot up
®Ryown: right foot down

dLup: right foot up

Parameter Calculation

The parameters we calculated referred to gait standard
parameters [38], which are shown in Table 4 in detail. After
obtaining the avail able gait cyclesthrough GPM, in each cycle,
we can calculate swing time, height, and swing speed. In 2
identical cycles of the interval, we can obtain stride length,
stride speed, and cycle time. Similarly, in the left and right
cyclesof theinterval, we can obtain step length, double support
time, and cadence. In addition, it is possible to determine the
proportion of swing time, stance time, and double support time
in the cycle using cycle time. We formul ated the calculation of
all parameters related to the left foot (equations 8-16), and the
situation of the right foot was completely symmetrical.

Practically, the first and last gait semantics are not contained
in any gait cycle as the gait is unstable at the start and end
locations. Moreover, to make the calculation result reflect the
condition of the gait process, we took the mean value of each
parameter as the final gait parameter result. We obtained the
walking speed by dividing the distance between the start and
end points by the total time.

In these equations, G represents the gait cycle with key=i in
the dictionary (shown in Table 3), and distance(l)l is the
Euclidean distance between 2 ankles. T([J is the method that
obtains the time of the given gait semantic.

LeftStride = distance(GL(g, GL(L+1))

®)

https://www.jmir.org/2023/1/e46427

LeftStep = distance(G,gg, Glfg)

©)
seicyete=1(c83) - (c”)
(10)
LeftStrideSpeed = (LeftStride) / (LeftCycle)
(12)
LeftCadence = L
1(6xp) - 7(63)
(12)
T G(i) -T G(i)
LeftSwing = %
(13
T G(i) _T G(i+1)
LeftStance = %
(14)
DoubleSupport = T(Gg))) ~ T(G‘glg) + T(G’(‘g) B T(GIEB)
a Left Cycle
(15)
distance(G©, ¢®
LeftSwingSpeed = w
T(GLU) - T(GLD)
(16)
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Table 4. The definition of all gait parameters that we intended to calculate.

Jngeta

Parameter (unit) Definition

Speed (m/s) Average speed during straight travel

LeftStride (m) The distance between the 2 landings of the left foot

RightStride (m) The distance between the 2 landings of the right foot

L eftStrideSpeed (m/s) Average speed during a left stride

RightStrideSpeed (m/s) Average speed during aright stride

LeftStep (m) The distance between the landing of the left foot and the last landing of the right foot
RightStep (m) The distance between the landing of the right foot and the last landing of the left foot

L eftCadence (steps per min)
RightCadence (steps per min)

Frequency of left footstep
Frequency of right footstep

LeftCycle (s) Left stride cycletime
RightCycle (s) Right stride cycle time
LeftSwing (%) Percentage of swing phase timein the left stride period
RightSwing (%) Percentage of swing phase time in the right stride period
L eftStance (%) Percentage of stance phase time in the | eft stride period
RightStance (%) Percentage of stance phase time in the right stride period
DoubleSupport (%) Percentage of double support phase time in stride period
L eftSwingSpeed (m/s) Average speed during aleft swing
RightSwingSpeed (m/s) Average speed during aright swing

Evaluation

The evaluation covers 3 aspects: verifying the effectiveness of
the classifiers, gait semantic segmentation, and gait parameter
calculation.

10-Fold Cross-Validation

This is a commonly used and effective method for model
evaluation. All the experiments in this study were conducted
through 10-fold cross-validation. Specifically, it is conducted
by dividing the data set into 10 parts of the same size and each
time selecting 1 part as the test set (different from all the
previous test sets) and the rest as the training set, thereby
training and evaluating an independent model. In total, 10
independent model evaluations were averaged to reflect the
overall performance of the model.

Classification Evaluation

For the classification task, the common evaluation indicators
are precision, recall, and F;-score (equations 17-20).

Precisi _y_TR x
recision = ;TP,_ T FPI w;

(17)

4
Recall E Th
ecatl = _— ;
LyTP + FN; Wi
-

(18)

https://www.jmir.org/2023/1/e46427

4 ..
Precision; X Recall;
F, — score = sz X
—

Precision; + Recall; = '
13

(19)

labelyym,

YT ST label

(20)

In these equations, i indicates that the current ith class is
considered positive. TP, TN, FP, and FN denote of true positive,
true negative, false positive, and false negative, respectively,
where true or false means whether the predicted label is
consistent with the ground truth and positive or negative
indicates whether the current category is the class of interest.
In the multiclassification problem, when a category isregarded
as positive, al the other categories are regarded as negative.
After calculating the precision and recall of each category, the
final precision, recall, and F;-score were weighted based on the

sample number of each category.

Gait Segmentation Evaluation

Let us assume that we obtain K gait semantics in a gait data
seguence and this data sequence contains n frames in total. If
the kth semantic point is located on the jth frame according to
our agorithm but the ground truth location isthejth frame, then
ahyperparameter t (representing the tolerance degree of location
bias) isintroduced to determine whether we would regard this
semantic point as a mistake or an acceptable bias.

JMed Internet Res 2023 | vol. 25 | e46427 | p. 9
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

YIGe[' —tj +t]

KeySemanticSegmentationAccuracy = Ve

(21)

In these equations, ([} denotes the indicator function, which
meansthat, if j isintherangeof (j' —t,j’ +t), its value would
be equal to 1; otherwise, it would be equal to 0.

Gait Parameter Calculation Evaluation

If we needed to calculate atotal of N gait parameters, then, for
theith parameter to be calculated, wewould use V") to represent
the value finally calculated by our algorithm. We could also
figure out its corresponding precise value yg(i) using the ground
truth. After that, depending on V, and V/,?, we could estimate

the mean error and mean SD of al N gait parameters of these
participants (equations 22 and 23).

g I(Vp(i) _ Vg("))

AverageError = N
(22)
N (p® _ p®)?
SO 2 Vo)
AverageStandardDeviation = N

(23)

Feedback Collection
Subjective Feedback

To verify the feasibility of this study’s method in field medical
scenarios, we conducted in-depth interviews with a diverse
group of participants, including 15 patients diagnosed with
specific NDDs at various stages, 5 family members of the
patients, and 5 health care workers experienced in NDD
diagnosis. During the interviews, we collected a total of 6
conversation records from patients and their family members
aswell as4 conversation recordsfrom health care workers. The
interviews aimed to gather their insights and opinions on the
acceptance of and preferencefor our proposed method compared
with the traditional scale-based method, focusing on their
subjective perceptions, experiences, and expectations in terms
of usability, comfort, and overall satisfaction.

Jing et a

Quantitative Feedback

We developed a comprehensive evaluation system comprising
several quantitative metrics:  accuracy, convenience,
practicability, invasiveness, and reliability. Each metric was
scored on a scale ranging from 1 to 5, allowing for a detailed
comparison between our proposed method and the traditional
scale-based method. For this evaluation, patients were
responsible for providing scores for convenience and
invasiveness, reflecting their personal experience with each
method. Meanwhile, physicians assessed accuracy,
practicability, and reliability, offering aprofessional perspective
on the effectiveness of each method inaclinical setting.

The patientsinvolved in our quantitative and qualitative analyses
weretreated at the neurology departments of class 3A hospitals
with which we collaborate. The physicians participating in our
guantitative and qualitative analyses were practicing neurol ogists
at these class 3A hospitals. We randomly selected 100
anonymous participants from multiple hospitals to complete
thisquestionnaire, with amix of 7 (7%) physiciansand 93 (93%)
patients, ensuring a diverse and representative sample.

Ethics Approval

The Medical Review Ethics Committee of Peking Union
Medica College Hospital approved the study (reference
HS-3076).

Results

Classification and Gait Segmentation

The comparison of theresults of the 2 classifiersis demonstrated
in Figure 6. The horizontal axis represents the number of
cross-validations, and the wverticad axis indicates the
corresponding metric values (precision, recall, and F;-score).
In 10tests, the Bi-LSTM model predicted |abelswith an average
precision of 90.54%, average recall of 90.41%, and average
F,-score of 90.38%. In contrast, SVM yielded results of 86.99%,
86.62%, and 86.67% for precision, recal, and F;-score,
respectively. The detailed confusion matrix for SVM and
Bi-LSTM in the experiment is shown in Figures 7A and 7B.
Moreover, the Bi-L STM achieved an accuracy of 93.2% in gait
segmentation evaluation (described in the Gait Segmentation
Evaluation section, with the default tolerance set to 2), whereas
the SVM only reached 77.5%.

Figure 6. Performance comparison between the bidirectional long short-term memory (Bi-LSTM) and support vector machine (SVM) classifiers. (A)

Precision; (B) Recall; (C) F1-score.
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Figure7. (A) Confusion matrix of support vector machine (SVM); (B) Confusion matrix of bidirectional long short-term memory (Bi-LSTM).
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Gait Parameter Calculation Results

As the heuristic method proposed in the study by Latorre et a
[26] demonstratesthe best parameter calculation, in this section,

we compareit with our proposed methods and display theresults
in Figure 8.
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(B) Confusion matrix of Bi-LSTM

The heuristic method had an average error of 20.91% (SD
24.69%). The SVM and Bi-LSTM methods yielded average
error rates of 5.85% (SD 5.45%) and 3.17% (SD 2.75%),
respectively. Regarding the SD error, the heuristic method,
SVM, and Bi-LSTM had values of 24.69%, 5.45%, and 2.75%,
respectively.

Figure8. Parameter calculation errors for the heuristic method, support vector machine (SVM), and bidirectional long short-term memory (Bi-LSTM).

(A) Average error; (B) Error SD.
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Feedback

We deployed the trained model in a hospital setting to collect
subjective and quantitative feedback. Feedback providers
included patients with varying degrees of NDDs, their family
members, and physicians.
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Subjective Feedback From Patients and Relatives

Thefeedback from patientsand relativesis presented in Textbox
5.
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Textbox 5. Subjective feedback from patients and relatives.

Question: “How wasyour father diagnosed with Parkinson’s?”

« Answer: “A long time ago, | noticed that my father was alittle unsteady in walking. We thought it was a previous lumbar spondylosis attack and
didn’t consider neurological diseases. It was too much trouble for the elderly to queue up at the hospital, so we procrastinated. Now, the situation
has worsened, and he needs assistance to walk.”

Question: “How would you rate this new assessment method that we have implemented?”

« Answer: “This innovative approach only requires me to follow the landmarks and walk a few laps. Previous tests were time-consuming and
laborious and | had to wear some equipment that made me uncomfortable. Today’s testing method was mentally relaxing.”

Question: “Can you share your feeling about this gait assessment method?”

o Answer: “I feel somewhat self-conscious about theway | walk, but your creation allows meto compl ete the test quickly, sparing me from enduring
alengthy assessment process.”

Question: “What do you think isthe biggest difference between this assessment and the tests you have done before?”

« Answer: “Simplicity and convenience. | think the idea you provided is significant; there’s no need to wear devices, and testing is done quickly.
Perhaps we can complete these assessments a home in the future. | look forward to your further results.”

Question: “Do you like the format of our assessment?”

o Answer: “l likeit, | think the report is generated very fast, faster than the ones | did before.”

Question: “Do you think theresults of our equipment are trustworthy?”

o Answer: “Why not? Al is developing rapidly and taking over human work in many fields. To be honest, I'm more willing to trust your digital
devices than the manual scale tests used before.”

Subjective Feedback From Physicians
The feedback from physiciansis presented in Textbox 6.

Textbox 6. Subjective feedback from physicians.

Question: “Doyou think our assessment method has advantages over the scale method, and can our method replace the scale method in your
opinion?”

« Answer: “In the past, we often needed to evaluate the patient’s video and manually make the scale. But | feel that the data provided by your
assessment method is much more accurate than handcrafted scales. | personally believe that our work would be much less stressful if we could
use your results consistently in the future.”

Question: “ Do you think our method has helped you in any substantial way in your work?”

« Answer: “Making scalesrequires usto have alot of communication with patients. This device can improve this situation and avoid the omissions
that occur when we evaluate patient parameters ourselves.”

Question: “Do you think our assessment method provides you with enough information to complete a complementary diagnosis?”

« Answer: “Of course, it provides alot of parameters and indicators to consider, which is sufficient for us”

Question: “What do you think are the shortcomings of our algorithm during use?”

« Answer: “When the patient is overdressed or wearing dark clothing all over the body, the results sometimes do not make sense.”

Quantitative Feedback
The results for each metric are presented in Tables 5 and 6.
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Table 5. Thedistribution of quantitative scores collected from 100 participants for our method.

Metric Scoreof 1,n (%) Scoreof 2,n (%) Scoreof 3,n (%) Scoreof 4,n (%) Scoreof 5,n (%) Weighted average
score
Accuracy (n=7) 0(0) 0(0) 0(0) 1(14) 6 (86) 4.86
Convenience (n=93) 0 (0) 0(0) 1(1) 3(3) 89 (96) 4.95
Practicability (n=7)  0(0) 0(0) 0(0) 2(29) 5(71) 471
Invasiveness (n=93) 88 (95) 33 1(1) 1(1) 0(0) 1.09
Reliability (n=7) 0(0) 0(0) 1(14) 3(43) 3(43) 4.29
Table 6. The distribution of quantitative scores collected from 100 participants for the conventional scale-based method.
Metric Scoreof 1,n (%) Scoreof 2,n (%) Scoreof 3,n (%) Scoreof 4,n(%) Scoreof 5,n(%) Weighted average
score
Accuracy (n=7) 1(14) 3(43) 2(29) 1(14) 0(0) 243
Convenience (n=93) 64 (69) 17 (18) 7(8) 5(5) 0(0) 149
Practicability (n=7)  0(0) 1(14) 3(43) 2(29) 1(14) 3.43
Invasiveness (n=93) 2 (22) 7(7) 14 (15) 29 (31 41 (44) 4.08
Reliability (n=7) 0(0) 2(29) 2(29) 2(29) 1(14) 3.29
: : From the gait semantic perspective, intermittent jumpsindicate
Discussion g Persp Jump

Principal Findings

Results Comparison

Regarding the classification results (Figures 6 and 7), the
Bi-LSTM model outperformed the SYM model in all 3 aspects
(average precision, average recal, and average Fq-score). In
the parameter calculation aspect, both SVYM and Bi-LSTM
demonstrated distinct advantages over the heuristic method.
Bi-LSTM showcased superior performance with the lowest
averageerror (3.17%, SD 2.75%). The comparative experiments
conducted in this section illustrated that (1) the integration of
spatiotemporal features, semantic segmentation, and GPM is
effective, addressing the weaknesses prevalent in heuristics,
and (2) the time-series model yielded more impactful results,
with Bi-LSTM exhibiting the best performance.

Prediction Rationality

The validity of the predictions generated by both the SYM and
Bi-LSTM models was evaluated. This was achieved by
generating predictions for a given data sample, as shown in
Figure 9.

Apparently, the SVM results have many intermittent jumps. In
addition, the classification and gait segmentation results show
that SVM performs poorly on gait semantic segmentation
evaluation (77.5% when tolerance is 2), albeit demonstrating
decent performance on precision, recall, and F;-score on
classification (86.99%, 86.62%, and 86.67%, respectively). On
the basis of these observations, we offer the following insights.

https://www.jmir.org/2023/1/e46427

abrupt transitions between different gait states, which is
incongruouswith aperson’s natural walking pattern. Therefore,
the SVM prediction reasonability has significant room for
improvement.

The growing discrepancy in semantic location accuracy between
SVM and Bi-L STM underscoresthat reliance on the 3 common
indicators (precision, recall, and F;-score) can obscure SVM'’s
substantial weakness in distinguishing gait semantic locations.
The number of key semantics is much lower than the total
number of frames, implying that, even if key points are
inaccurately predicted, the large frame cardinality could
compensatefor SVM’saccuracy, thus concealing SVM’serrors
in predicting gait semantics.

In contrast, Bi-LSTM is very stable on both frame accuracy
indexes and key semantic segmentation accuracy. Although the
figure shows that the outcome of Bi-LSTM still has a small
defect, it will not affect the final parameter calculation as the
data in the turning interval will not be covered for the final
calculation (introduced in the Segmentation, GPM, and
Calculation section).

In theory, Bi-LSTM allows the model to integrate information
from the preceding and succeeding frames, resulting in astable
model that isresistant to abrupt gait state transitions. Conversely,
SVM relies solely on single-frame features without contextual
information, causing the prediction result to be susceptible to
sudden gait state transitions and a lack of robustness for the
state transition of long-term data. In general, in the task of gait
assessment, an algorithm based on the Bi-LSTM model is a
more appropriate choice.

JMed Internet Res 2023 | vol. 25 | 46427 | p. 13
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

Jing et a

Figure 9. The visua comparison of real labels and predicted gait state labels by support vector machine (SVM) and bidirectional long short-term
memory (Bi-LSTM; the circled areas represent the prediction errors). (A) Real labels; (B) SVM predicted labels; (C) Bi-LSTM predicted |abels.
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. expense of the latter have become obstacles to “promoting Al
Feedback Analys's for the auxiliary diagnosis and treatment of NDD.” In addition,

In this section, feedback from patients and their families is
denoted by the prefix P, whereas physician feedback isindicated
by the prefix D.

P1 highlighted the difficulty in recognizing early-stage NDDs
as they are easily confused with other conditions, which
underscores the importance of our research.

P2, P3, P4, and P5 indicated that this study offers an effective
way to prevent patient discomfort during gait testing. It boasts
high accuracy and rapid testing and encourages a natural gait
pattern during testing, thereby ensuring accurate assessment
results. P6 underscored the shortcomings of the traditional
scale-based tests, suggesting that our method is more reliable
from a user perspective. D1 and D2 indicated that our method
provides a more efficient and labor-saving assessment strategy
that could potentially reduce bias in their judgment. D3
suggested that our method offers comprehensive information,
enabling a multifaceted analysis. D4 pointed to an issue with
the Kinect's performance during data collection when patients
are heavily or darkly dressed, which limits our model’s
performance.

The overall distribution in Tables 5 and 6 demonstrates that our
algorithm was generally favorably rated by both patients and
physicians, faring better than traditional scale-based approaches.
The high convenience (4.95) and reliability (4.29) ratings for
our method suggest alow acceptance and lack of confidencein
the current scale-based approach. In addition, the rating for
invasiveness (1.09 for our method vs 4.08 for the scale-based
method) indicates that the scale-based approach may be
perceived asintrusive because of the extensive communication
required between physicians and patients during the data
collection process, potentially infringing on patient privacy. In
contrast, our method was considered more respectful of patients
feelings.

Comparison With Prior Work

In previous work, although there are aso related works that
apply the high-end results of digital devices to the evaluation
of gait parametersin NDD, these have either focused on using
wearable devices [13-15,39] such as sensors to directly obtain
various gait parameters of patients or used bulky and expensive
optical [40] equipment to complete accurate gait calculations.
The low precision and invasiveness of the former and the

https://www.jmir.org/2023/1/e46427

some heuristics [22-26] that may generalize at scale in hospital
scenariosalso provide solutions, and we compared our algorithm
with the heuristics that perform optimally on this task. The
comparison of results shows that our method outperforms the
best heuristics by >15% in terms of both the average error and
average SD error of the parameters. Taken together, our method
has the following advantages over previous methods: (1) we
combined composite spatiotemporal features extracted from
human lower limbs in motion; (2) we adopted a time
series-based deep learning model to make it possible to
comprehensively use the semantic information in the context;
(3) we relied on precise gait semantics to calculate gait
parameters and strictly limited the gait cycles involved in the
calculation through the GPM mechanism; (4) we used asingle
Kinect to complete data collection and accurate prediction,
which reduced the cost; and (5) we adopted a noncontact
assessment method throughout the process to provide
participants with better emotional care and ensure that their
behavioral patternswere as consistent as possible with those of
the state of nature.

Limitations

Our study has the following limitations. First, the scale of data
used for training and testing the model consisted of 41 samples.
Although each sample contained thousands of framesthat could
be used for training and testing and we tried to make the
distribution of the data set as differentiated as possible, it is still
challenging to guarantee that it contains all gait patterns.
Nonetheless, we can increase the scale of the data set or train
an ensemble model for more precise assessments. We are
currently collaborating with more hospitalsto collect a broader
range of gait data. Second, the data noise caused by the
limitations of the Kinect itself cannot be overcome by our
algorithm. Third, we do not provide direct evidence of the
specific value of theimprovement in the accuracy of thismethod
compared with the traditional scale-based measurement.

Although we offer precise, uniform gait parameters with
controlled errors compared with the traditional scale-based
method, theissue liesin the fact that we can only guarantee the
accuracy of the parameters, whereas the physician’s assessment
of the patient’s symptoms (eg, degree of memory degradation)
that are not captured by the parameters remains dependent on
the physician’s own standard. Therefore, this study aimed to
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assist physicians in their decision-making by eliminating as
many measurement errors as possible rather than provide afully
automated, manual aternative to diagnosis.

In addition, the data set is imbalanced regarding sex (30/41,
73% mad e participantsvs 11/41, 27% femal e participants), which
might affect the model’s performance. Moreover, we have not
yet explored the potential correl ations between age and sex and
the input parameters of the classifiers. This can be explored as
afuture research direction.

Conclusions

Gait assessment results as a crucial indicator of NDD can aid
physiciansin providing amore accurate early disease diagnosis.
However, existing methods often present various drawbacks:
traditional scales are time-consuming and prone to high error
rates, contact assessments are invasive; optical instruments,
though accurate, are costly; and heuristic methods, although
simple and straightforward, fail to meet clinical requirements
in terms of accuracy. Consequently, we proposed a contactless
gait assessment method that leverages the advanced results of
deep learning, combines rich spatiotemporal features, and
incorporates timing information from data to achieve a highly
accurate gait assessment (with an average error of only 3.17%

Jngeta

[SD 2.75%)] and a 15% reduction in the error margin compared
with previous heuristic optimal methods). This study showsthe
feasibility and rationality of using deep learning to assist
physicians in the early diagnosis of NDDs and targeted
rehabilitation. Our method can serve as a diagnostic support
system, benefiting physicians and patients alike through itslow
equipment costs, portable deployment, accurate results, and
minimal invasiveness.

Despite the promising results, our study has some limitations.
First, the sample size in our study may not be large enough to
generalize our findings to the broader population of patients
with NDDs. Second, the algorithm may not perform as well
when dealing with patients wearing dark or bulky clothing,
which may affect the accuracy of the Kinect-based data
collection.

In future research, we plan to explore the application of our
method in abroader range of NDDswhile promoting it in more
hospitals to provide convenience for patients and physicians.
In addition, we aim to investigate how to integrate our approach
with other diagnostic tools to provide a more comprehensive
assessment, thereby further enhancing the early diagnosis and
management of NDDs.
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