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Abstract

Background: Freezing of gait (FOG) is a sensitive problem, which is caused by motor control deficits and requires
greater attention during postural transitions such as turning in people with Parkinson’s disease (PD). However, the
turning characteristics have not yet been extensively investigated to distinguish between people with PD with and
without FOG (freezers and non-freezers) based on full-body kinematic analysis during the turning task. The objectives
of this study were to identify the machine learning model that best classifies people with PD and freezers and reveal
the associations between clinical characteristics and turning features based on feature selection through stepwise
regression.

Methods: The study recruited 77 people with PD (31 freezers and 46 non-freezers) and 34 age-matched older adults.
The 360° turning task was performed at the preferred speed for the inner step of the more affected limb. All experi-
ments on the people with PD were performed in the “Off” state of medication. The full-body kinematic features during
the turning task were extracted using the three-dimensional motion capture system. These features were selected via
stepwise regression.

Results: In feature selection through stepwise regression, five and six features were identified to distinguish between
people with PD and controls and between freezers and non-freezers (PD and FOG classification problem), respec-
tively. The machine learning model accuracies revealed that the random forest (RF) model had 98.1% accuracy when
using all turning features and 98.0% accuracy when using the five features selected for PD classification. In addition,
RF and logistic regression showed accuracies of 79.4% when using all turning features and 72.9% when using the six
selected features for FOG classification.

Conclusion: We suggest that our study leads to understanding of the turning characteristics of people with PD and
freezers during the 360° turning task for the inner step of the more affected limb and may help improve the objective
classification and clinical assessment by disease progression using turning features.
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Background
Freezing of gait (FOG) has been defined as an episodic
inability to generate effective forward stepping move-
ments in the absence of any known cause other than
Parkinsonism or high-level gait disorders [1]. The FOG
symptom is commonly observed throughout the pro-
gression of Parkinson’s disease (PD); it is a significant
risk factor for falls and contributes to functional inca-
pacity, thus reducing the quality of life [2-4]. FOG in
people with PD is a sensitive problem, which is caused
by motor control deficits and requires greater atten-
tion during postural transitions such as turning [5, 6]
or in challenging situations (e.g., passing through nar-
row passages or crowded spaces, dual tasking, etc.) [2].
Especially, turning is impaired during disease progres-
sion owing to the asymmetric characteristics of the
turning phase and asymmetric symptom distribution in
people with PD [7-9]. Although not all people with PD
develop FOG, it may appear with disease progression
as is evidenced by the continued manifestation of FOG
in the “On” state of medication and its relationship with
other levodopa resistant symptoms such as postural
instability [5, 10]. Therefore, the turning characteristics
of people with PD have been researched to improve the
evaluation of disease prognosis and classify people with
PD with and without FOG (freezers and non-freezers).
Previous studies on the turning characteristics
in freezers have reported increased turn duration,
cadence, number of steps, decreased peak turn veloc-
ity [6], decreased bilateral coordination [11], increased
temporal and spatial variability [2, 12], reduced medial
deviation, forward shift of the center of mass (COM),
and decreased step width [7, 13] when compared with
non-freezers. However, these studies reported limi-
tations such as small sample size, analysis of only the
start or end of the turning phase, turning in the pre-
ferred direction, or attaching one or few inertial sen-
sors on the trunk, lumbar, or foot; these approaches
may not detect some of the variables that are most sen-
sitive to disease progression [6, 14]. In addition, previ-
ous studies reported that people with PD might also be
influenced by disease asymmetry owing to spontane-
ous turning toward the less affected side, thus keeping
the more affected limb at the outer side during turning
[15, 16]. However, the results of the turning character-
istics related to disease asymmetry or unilateral symp-
toms reported in the previous studies do not include
this aspect. Therefore, we aimed to analyze the turning

characteristics of the more affected limb in freezers and
non-freezers by using full-body kinematic measures.

In addition, some studies were recently conducted to
evaluate the optimal combination of turning charac-
teristics for improving the classification and prediction
performance of freezers among people with PD [12,
17, 18]. These studies have suggested that the occur-
rence of FOG while turning is associated with struc-
tures [12] such as the prefrontal areas, central pattern
generators in the spinal cord, mesencephalic locomo-
tor region, and executive frontal regions [19, 20]. Mod-
eling using machine learning algorithms based on data
combined with comprehensive turning characteristics
was recently conducted [21-23]. Previous studies have
identified the predictors for classification of people
with PD as faller and non-faller [20]; these have deter-
mined the optimal combination of turning characteris-
tics to distinguish between people with PD and controls
[17, 25] as well as categorized people with PD as freez-
ers and non-freezers based on the classifiers [18]. The
studies reported a classification accuracy of approxi-
mately 70-98% when logistic regression (LR), random
forest (RF), support vector machine (SVM), extreme
gradient boosting [24], probabilistic neural network
[18], recursive feature elimination technique with SVM
[25], and partial least square discriminant analysis [17]
were used for training. However, these machine learn-
ing studies were limited to small sample sizes, analyzed
limited turning characteristics, and were vulnerable to
the risk of overfitting the data owing to high correlation
with multiple variables [26]. In addition, precise clas-
sification may not be possible as the models in these
studies could not predict specific clinical outcomes or
diagnostics according to disease progression based on
comprehensive and in-depth turning characteristics
due to the use of movement data from only wearable
sensors in people with PD or freezers. Thus, the turning
characteristics related to movement control and coor-
dination during turning tasks must be categorized to
improve the classification performance of freezers and
non-freezers.

Therefore, the aim of this study was (i) to evaluate
the accuracy of machine learning models with feature
selection by stepwise regression based on 360° turning
characteristics for resolving the classification problem
between people with PD and controls and between
freezers and non-freezers, and (ii) to investigate the
associations between the clinical characteristics and
turning features based on the 360° turning features that



Park et al. Journal of NeuroEngineering and Rehabilitation

best classify people with PD and freezers, selected by
stepwise regression. We hypothesize that the 360° turn-
ing features based on full-body kinematic analysis will
demonstrate the objective classification accuracy and
associations with clinical characteristics owing to dif-
ferences between turning characteristics of people with
PD and freezers when compared with those of controls
and non-freezers, respectively.

Methods

Participants

A total of 77 people with PD (31 freezers and 46 non-
freezers) and 34 age-matched older adults as controls
participated in this study. A flow chart of the details of
the study participants is shown in Fig. 1, and the physical
and clinical characteristics of the participants are shown
in Table 1. The people with PD were diagnosed by a neu-
rology specialist based on the UK Parkinson’s Disease
Society Brain Bank criteria [27]. The inclusion criteria
were as follows: (a) aged 55-85 years, (b) who could walk
and move independently, with a modified Hoehn and
Yahr stage of 2-3 [28, 29], (c) Mini Mental State Exami-
nation (MMSE) score > 24 [30], (d) who stably responded
to antiparkinsonian medications, and (e) were classified
as freezers and non-freezers, i.e., assessed as with and
without FOG owing to a score of >3 and <3 on the New
Freezing of Gait Questionnaire (NFOGQ), respectively
[31]. Only one participant classified as a freezer froze
during the turning task. This participant was excluded
from the analysis. Participants with a history of cardio-
vascular, musculoskeletal, vestibular, or other neurologi-
cal diseases, patients who required assistive devices for
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moving, and patients with dyskinesia that was uncon-
trollable with drug therapy were excluded. The controls
included healthy individuals with no medical history
related to cognitive impairment and gait disturbance in
the past 6 months and no history of orthopedic surgery.

All experiments were performed in accordance with
the relevant guidelines and regulations. The experimen-
tal protocols were approved by the Institutional Review
Board (IRB) of Dong-A University Medical Center (IRB
number: DAUHIRB-17-033), and all participants signed
a written informed consent before participating in this
study.

Test procedures
All measurements were assessed in the “Off” antiparkin-
sonian medication state, with medication withdrawn at
least 12 h prior to the measurements. The experiments
were divided into two sessions. In the first session, the
participants completed the informed consent form and
were assessed using the Unified Parkinson’s Disease
Rating Scale (UPDRS) [32], modified Hoehn and Yahr
scale, NFOGQ, and MMSE (Table 1). In the second ses-
sion, all participants warmed up and practiced turning
before the experiment started. Then, the participants
were instructed to practice the 360° turning task at a self-
selected preferred speed with 3 to 5 trials, and the meas-
urements were conducted after approximately 5 min of
rest. Thus, the participants successfully performed the
360° turning tasks three times, with 30 s of rest between
trials.

The more affected limb performed the inner steps of
the 360° turning tasks (Fig. 2a). The participants were

Recruitment of participants (n = 115)

|

People with PD
NFOGQ

—

Recruitment of freezers (n = 34)
- Male: 21; Female: 13

Recruitment of non-freezers (n = 47)
- Male: 22; Female: 25

Recruitment of controls (n =34)
- Male: 16; Female: 18

Excluded in freezers (n = 3)
+ Did not meet inclusion criteria (n=2)
* Declined to participate (n=1)
¥

Excluded in non-freezers (n=1)
- Did not meet inclusion criteria (n = 1)

Excluded in controls (n = 0)

v v

‘ Freezers (n = 31) I |

Non-freezers (n = 46) | |

Controls (n = 34) |

‘ - 360° turning task at preferred speed in the direction of the inner step of the more affected side |

l

) l

Analyzed (n = 31)
- Male: 20; Female: 11

Analyzed (n = 46)
- Male: 22; Female: 24

Analyzed (n = 34)
- Male: 16; Female: 18

Fig. 1 Study flow chart
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Table 1 Physical and clinical characteristics of all participants

People with PD Controls (n=34) p-value

Freezers (n=31) Non-freezers (n =46)
Sex (male/female) 20/11 22/24 16/18 0.283°
Age (years) 69.10£5.29 7040+ 5.60 68.8245.82 0402°
Height (cm) 15946 £9.37 156.61£8.62 15940+ 6.80 0.132°
Body weight (kg) 60.59+847 59.78£8.11 61.62+£7.15 0.593°
BMI (kg/m?) 23.80+245 24384272 24244225 0.605°
MMSE (scores) 27.84+197 26.78£2.02 27.56+£2.08 0.026°¢
Disease duration (years) 8394583 4364361 - <0.001¢
Treatment duration (years) 7624639 3614356 - 0.001¢
L-Dopa equivalent dose (mg/day) 71823433275 468.59+213.99 - <0.001¢
NFOGQ (scores) 1232+£7.30 - - -
Hoehn and Yahr scale 2614042 2374043 - 0.017¢
UPDRS total (scores) 533741452 4559+£1127 - 0.010°
UPDRS part Il (scores) 35.004+8.92 3390+7.63 - 0.565¢
UPDRS-PIGD (scores) 1.134+£048 0.54+0.31 - <0.001¢
More affected limb (left/right) 20/11 27/19 All right-handed <0.001°

All data are represented as mean =+ standard deviations

PD Parkinson’s disease, BMI body mass index, MMSE mini mental state examination, L-dopa Levodopa, NFOGQ new freezing of gait questionnaire, UPDRS Unified

Parkinson’s Disease Rating Scale, PIGD postural instability/gait difficulty
Boldface denotes a significant difference between groups (p <0.05)

2 Fisher’s exact Test

b One-way ANOVA

¢ p-value of Kruskal-Wallis H Test

4 Mann-Whitney U Test

¢ Independent samples t-test

asked to turn comfortably at the preferred speed around
a cone. It has been reported that freezers experience dif-
ficulty in turning toward the more affected limb [9, 13,
16]. The direction of the more affected limb was defined
as the side of disease dominance, which was determined
for each PD patient based on the difference between the
left and right scores on items 20-26 and item 31 of the
UPDRS during the “Oft” state of medication, assigned
after examination by a neurologist [33].

Six infrared cameras (Vicon MX-T10, Oxford Metrics,
UK) were used in the three-dimensional (3D) motion
capture system. The sampling frequency for the data was
100 Hz. A global coordinate system was established, with
the positive X-axis to the right, the positive Y-axis facing
anteriorly, and the Z-axis defined as the cross-product
between the X-axis and Y-axis, with the positive Z-axis
facing superiorly (Fig. 2a). Height, body weight, shoul-
der offset, elbow width, wrist width, hand thickness, leg
length, knee width, and ankle width measurements were
obtained; the appropriate metrics were measured bilater-
ally to estimate the joint kinematics data. The placement
of thirty-nine reflective markers in the shape of 14 mm
spheres was performed according to the Plug-in Gait full

body model (Vicon Motion Systems Ltd., Oxford Met-
rics, UK), a modified version of the Helen Hayes marker
set [34] (Fig. 3).

Data analysis
The 3D motion analysis data were collected and ana-
lyzed using the Nexus software (version 2.10.3, Vicon,
UK) and MATLAB R2017b (MathWorks, Natick, MA).
The collected data were filtered using a fourth-order But-
terworth low-pass filter with a 10 Hz cut-off frequency
through frequency analysis. The measurements were
obtained three times, and the averaged value was used
for the analysis. The start event of the analysis phase dur-
ing the 360° turning task was determined as the instant
when the angle between the pelvic vector (defined as
the distance between the left ASIS and right ASIS) and
the ML vector (defined as the X-axis vector of the global
coordinate system) passed 10°, whereas the event when
the two vectors completed 360° was defined as the end
of the rotation. Therefore, the analysis was performed
through the 350° turning phase [13] (Fig. 2a).

The following spatiotemporal variables were analyzed
(Fig. 2): (1) the total number of steps and duration of the
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Fig. 2 Schematic of experimental setup and analysis phase. (@) The 360° turning analysis phase for the inner steps of the more affected limb,
the definition of step width, inner and outer step lengths, inner and outer single and double support, and stance phases; (b) the definition of
the maximum anti-phase; (c) the definition of the incline angle; (d) the definition of the inner and outer ipsilateral and contralateral temporal
coordination parameters of the upper and lower limbs. ASIS anterior and posterior superior iliac spine (Fig. 3)

turning phase, step width, inner and outer step lengths,
inner and outer single and double support, and stance
phases. The step width was defined as the length between
the initial foot heel contact of one limb and that of the
other limb. The inner and outer step lengths were defined
as the perpendicular distances between the initial foot
heel contact of the inner/outer limb and the initial foot
heel contact of the other limb, respectively. The period
during which both the inner/outer feet were in contact
with the ground during the turning was defined as the
inner and outer double support phase. The period during
which only the inner or outer foot was in contact with the
ground was defined as the inner or outer single support
phase, respectively. The inner/outer stance phase was
defined as the phase during which the inner/outer foot
was in contact with the ground, moving from heel strike
to toe off (Fig. 2a). (2) With regard to the kinematic vari-
ables, the ROM was calculated as the difference between
the maximum and minimum joint (inner and outer hip,
knee, ankle, shoulder, pelvic, and thorax) angles on the
sagittal plane during 360° turning. The inner and outer
toe clearance heights were calculated as the maximum
vertical height of the toe marker during the swing phase
of each step. In addition, the maximum anti-phase was

calculated as the maximum angle (8) between the pelvic
vector from the inner to outer marker of the ASIS and
shoulder vector from the inner to outer marker of the
shoulder in the horizontal plane during 360° turning
(Fig. 2b). The incline angle was calculated as the maxi-
mum angle (6) between the vector from the center of the
base of support (calculated as the point of the axis vec-
tor connecting the body centroid (center of mass) and
the base of support reference point) to the center of the
head segment (calculated as the centroid of the 4 head
markers) and the vertical axis of the cone during 360°
turning (Fig. 2¢). The inner and outer ipsilateral and con-
tralateral temporal coordination parameters of the upper
and lower limbs were calculated as the temporal differ-
ences (At) between the peaks of the lateral humeral epi-
condyle and lateral femoral epicondyle markers on the
inner—inner (At;)/outer—outer (At,) (ipsilateral) and
inner—outer (At;)/outer—inner (At,) (contralateral) limbs
(Fig. 2d). (3) The area of 95% confidence interval (CI), AP
and ML root mean square (RMS) distances, and total dis-
tance and velocity of the COM on the horizontal plane
during the 360° turning tasks were calculated [13, 35].
The variables analyzed during the 360° turning task are
summarized in Additional file 1: Table S1, including the
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and second metatarsal head (LTOE and RTOE)

Fig. 3 Placement of thirty-nine reflective markers and the corresponding anatomical landmarks. The markers were attached on the clavicle (CLAV),
sternum (STRN), 7th cervical vertebrae (C7), 10th thoracic vertebrae (T10), scapular medial border (RBAK), bilaterally on the front and back of the
head (LFHD, RFHD, LBHD, and RBHD), shoulder (LSHO and RSHO), lower third of the upper arm (LUPA and RUPA), lateral humeral epicondyle (LELB
and RELB), lower third of the forearm (LFRM and RFRM), mediolateral styloid processes of the wrist (LWRA, RWRA, LWRB, and RWRB), third metacarpal
head (LFIN and RFIN), anterior and posterior superior iliac spine (LASI, RASI, LPSI, and RPSI), lower third of the lateral thigh (LTHI and RTHI), lateral
femoral epicondyle (LKNE and RKNE), lower third of the lateral shank (LTIB and RTIB), calcaneus (LHEE and RHEE), lateral malleolus (LANK and RANK),

LHEE RHEE

means, standard deviations (SD), p-values, and Cohen’s d
effect sizes.

Statistical analysis

Data normality was checked using the Shapiro—Wilk
test. A one-way analysis of variance (ANOVA) and inde-
pendent t-test or nonparametric statistics were applied
to analyze the mean and SD of the physical and clinical
characteristics of all participants.

Univariable and multivariable logistic regression analy-
ses using stepwise regression were performed to identify
the best combination of the turning characteristics for
the optimal classification of people with PD and controls,
and freezers and non-freezers. Variables that were signifi-
cant at p<0.05 were examined for multicollinearity (Vari-
ance inflation factor, VIF >2.5). Those that survived this
step were included in a multivariable logistic regression
with stepwise selection, assuming additivity and linear-
ity. Eventually, stepwise binary logistic regression analy-
sis was performed to identify the classifier variables for
distinguishing people with PD from controls and freezers

from non-freezers. The classifier variables were expressed
as the odds ratio (OR) with 95% CI. This study considered
two types of classification problems: PD classification
(people with PD and controls) and FOG classification
(Freezers and non-freezers). To resolve the classification
problems, we introduced all 36 features from the 360°
turning characteristics. We handled the features in two
different ways to resolve the classification problems: (1)
All 36 features were used for the PD and FOG classifi-
cation problems; and (2) only features selected via step-
wise regression as the feature selection approach were
used. The five features selected for the PD classification
problem were inner step length, step width, inner dou-
ble support phase, thorax ROM, and incline angle. The
six features selected for the FOG classification problem
were outer step length, inner hip and ankle ROM, total
distance of the COM, maximum anti-phase, and outer
contralateral temporal coordination parameter. These
features were selected using the aforementioned step-
wise regression procedure. In addition, the optimal cut-
off values of the turning features to identify people with
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PD and freezers with impairment in turning performance
were identified using the receiver operating characteris-
tic (ROC) curves. The Youden’s index (the highest sum
of the values of sensitivity and specificity-1) was calcu-
lated to obtain the optimal cutoff values. Areas under the
curve (AUC) of the ROC curves were calculated to meas-
ure the overall discriminative ability for people with PD
and freezers. An AUC>0.9 has high accuracy, whereas
AUC:s of 0.7-0.9 and 0.5-0.7 indicate moderate and low
accuracies, respectively [36].

We used the 7 different ML approaches below for the
classification problems (PD and FOG classification) to
analyze the applicability of the proposed features from
the 360° turning analysis to these problems. Generally,
different machine learning algorithms gain different per-
spectives of the data when they are trained. These differ-
ent perspectives cause variations in the accuracy of the
classification problems. This variance should be evalu-
ated and the basic approach is to use different ML algo-
rithms to solve the classification problems. To solve the
two classification problems, this study investigated seven
traditional machine learning techniques: logistic regres-
sion (LR) [37], k-nearest neighbors (KNN) [38], naive
Bayes (NB) [39], linear discriminant analysis (LDA) [40],
quadratic discriminant analysis (QDA) [40], support vec-
tor machine (SVM) [41], and random forest (RF) [42].
This study organized the results for the following 4 cases:
(1) people with PD vs. controls with all thirty-six features
(PD_36), (2) people with PD vs. controls with five fea-
tures selected using stepwise regression (PD_5), (3) freez-
ers vs. non-freezers with all thirty-six features (FOG_36),
and (4) freezers vs. non-freezers with six features selected
using stepwise regression (FOG_6). The model param-
eters of the classifiers were estimated using grid search.
The estimated model parameters of the 4 cases are shown
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in Table 2. The accuracy, recall, precision, and F1 score
were evaluated using fivefold cross validation in the
analysis. Unfortunately, there was an imbalance in the
collected patient dataset; the number of patients in the
PD classification problem was 111 and the number of
patients in the FOG classification problem was 77. There-
fore, we handled these imbalanced samples using a ran-
dom oversampling approach [43].

In the multivariable linear regression analysis, to iden-
tify the independent associations between clinical and
turning characteristics, each turning characteristic was
applied to a multivariable linear regression model by
using the stepwise regression method. Physical charac-
teristics (age, gender, height, and BMI) were applied to
the first block. Separate models were used for the turn-
ing characteristics; all variables were applied to the sec-
ond block. The clinical characteristics were applied as
the dependent variable. All statistical analyses were per-
formed using SPSS 22.0 (SPSS Inc., Chicago, IL). The sta-
tistical significance level was set at 0.05.

Results

Classification using feature selection through stepwise
regression

Table 3 shows the results of the stepwise regression pro-
cedure to select the features for classification of people
with PD and controls, and freezers and non-freezers.
In the classification of people with PD and controls (PD
classification problem), the selected turning features
were the inner step length (Cutoff value: 43.40 cm; AUC:
0.879, p<0.001; sensitivity: 0.85; specificity: 0.81), step
width (Cutoff value: 15.44 cm; AUC: 0.783, p<0.001;
sensitivity: 0.79; specificity: 0.79), inner double support
phase (Cutoff value: 26.20%; AUC: 0.830, p <0.001; sensi-
tivity: 0.77; specificity: 0.77), Thorax ROM (Cutoff value:

Table 2 Model parameters of the 7 classifiers estimated by grid search

ML techniques

PDs vs. Cons (with 36 features) PDs vs. Cons (with 5 features)

F vs. NF (with 36 features) F vs. NF (with 6 features)

LR C=10 C=100 C=0.1 C=1000.0

KNN k=2 k=4 k=6 k=2

NB - - - -

LDA n_components=1 n_components=1 n_components=1 n_components=1

QDA reg_param=0.5 reg_param=0.3 reg_param=0.3 reg_param=0.001

SVM C=296,gamma=0.001, C=7.6,gamma=0.1, ker- C=7.6,gamma=0.01, ker- C=1e-5,gamma=10.0,
kernel =rbf nel=rbf nel=rbf kernel = rbf

RF max_depth =10, n_estima- max_depth =20, n_estima- max_depth =20, n_estima- max_depth =30, n_esti-
tors=500 tors=500 tors=1500 mators =500

ML machine learning, PDs people with PD, Cons controls, F people with PD with FOG, NF people with PD without FOG, LR logistic regression, “C"is the inverse of
regularization strength, KNN k-nearest neighbors, “k”is the number of neighbors, NB Naive Bayes, LDA linear discriminant analysis, “n_components”is the number of
components, QDA quadratic discriminant analysis, “reg_param”is the regularization of the per-class covariance, SVM support vector machine, “C"is the regularization
parameter and “gamma” is the kernel coefficient, RF random forest, “n_estimators” is the number of trees in the forest and “max_depth”is the maximum depth of the

tree
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Table 3 Feature selection of turning characteristics using stepwise regression procedure
Turning features (reference value) OR (95% Cl) B (SE) p-value RN2
People with PD and controls
Inner step length (43.40 cm) 0.709 (0.571-0.881) —0.343(0.1171) 0.002 0.896
Step width (15.44 cm) 1.548 (1.158-2.071) 0437 (0.148) 0.003
Inner double support phase (26.20%) 1.695 (1.134-2.533) 0.528 (0.205) 0.010
Thorax ROM (33.72°) 1.048 (1.000-1.099) 0.047 (0.024) 0.048
Incline angle (6.27°) 0.540 (0.326-0.895) —0.616(0.258) 0.017
Freezers and non-freezers
Outer step length (36.43 cm) 0.720 (0.594-0.874) —0.328(0.098) 0.001 0.650
Inner hip ROM (31.11°) 1.282 (1.087-1.512) 0.248 (0.084) 0.003
Inner ankle ROM (19.73°) 0.823 (0.709-0.955) —0.195 (0.076) 0.010
Total distance of the COM (1.68 m) 5.243 (1.093-25.148) 1.657 (0.800) 0.038
Maximum anti-phase (17.89°) 0.827 (0.728-0.940) —0.189 (0.065) 0.004
Outer contralateral temporal coordination (0.77 s) 30.958 (1.265-746.089) 3433 (1.624) 0.034

PD Parkinson’s disease, OR odds ratio, B logistic regression coefficient, SE standard error, 95% Cl 95% confidence interval, RN2 is the fit statistic for the Nagelkerke
model, ROM range of motion, COM center of mass; adjusting for age, sex, height, and body mass index

Boldface indicates significant differences, p <0.05

33.72°% AUC: 0.629, p=0.031; sensitivity: 0.68; specific-
ity: 0.64), and incline angle (Cutoff value: 6.27°; AUC:
0.834, p<0.001; sensitivity: 0.74; specificity: 0.73) during
the 360° turning task. In the classification of freezers and
non-freezers (FOG classification problem), the selected
turning features were the outer step length (Cutoff value:
36.43 cm; AUC: 0.764, p<0.001; sensitivity: 0.72; speci-
ficity: 0.68), inner hip ROM (Cutoff value: 31.11°%; AUC:
0.632, p=031; sensitivity: 0.61; specificity: 0.61), inner
ankle ROM (Cutoff value: 19.73°; AUC: 0.517, p=0.803;
sensitivity: 0.50; specificity: 0.48), total distance of the
COM (Cutoff value: 1.68 m; AUC: 0.531, p=0.648; sen-
sitivity: 0.57; specificity: 0.52), maximum anti-phase
(Cutoff value: 17.89°%; AUC: 0.636, p=0.043; sensitivity:
0.61; specificity: 0.58), and outer contralateral temporal

Table 4 Accuracies of 7 classifiers from fivefold cross validation

coordination parameter (Cutoff value: 0.77 s; AUC: 0.650,
p=0.026; sensitivity: 0.59; specificity: 0.58) during the
360° turning task.

This study addressed two classification problems
involving two different feature sets using all 360° turn-
ing features and features selected through stepwise
regression. Table 4 indicates the average accuracy and
SD of the classifiers, which was calculated through five-
fold cross validation, and Fig. 4 shows the accuracy box
plots of the PD and FOG classification problems in the
4 cases.

In the PD classification problem, naive Bayes (NB)
showed the lowest accuracy (91.6%=+2.9% SD), and
RF showed the highest accuracy (98.1%+1.8% SD) for
PD_36. However, the difference in the accuracy of the

ML techniques PDs vs. Cons (with 36 PDs vs. Cons (with 5 F vs. NF (with 36 F vs. NF (with
features) features) features) 6 features)
Accuracy LR 974428 98.0+3.0 728+0.8 729+10.8
KNN 94.7+6.9 96.7 £4.1 629+87 619+78
NB 91.6+£29* 96.7 £3.3* 706+6.5 64.0+9.0
LDA 96.1+4.3 974436 718£93 6964123
QDA 98.0+£3.0 974+£28 726+11.5 67.5+109
SVM 98.043.0 98.0+3.0 694489 6344168
RF 98.1+1.8 98.0+3.0 79.4+6.9 70.8+10.6

Mean (%) + standard deviations (%) were calculated through fivefold cross validation; mean values presented in boldface denote the best performance (the highest

test accuracy)

ML machine learning, PDs people with PD, Cons controls, F freezers, NF non-freezers, LR logistic regression, KNN k-nearest neighbors, NB Naive Bayes, LDA linear
discriminant analysis, QDA quadratic discriminant analysis, SVM support vector machine, RF random forest

*Denotes a significant difference
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classifiers was not large for PD_36, which means that
most classifiers effectively distinguished between people
with PD and controls. In addition, all classifiers showed
similarly high accuracy performance after reducing the
number of features. In this case, the LR, SVM, and RF
showed the highest accuracy (98.0% =+ 3.0% SD).

In the FOG classification problem, the k-nearest
neighbors (KNN) had the lowest accuracy for FOG_36
(62.9% £8.7), whereas RF had the highest accuracy
(79.4% £ 4.1%). Further, KNN had the lowest accuracy for
FOG_6 (61.9% £ 7.8%), whereas LR had the highest accu-
racy (72.9%+10.8%). In the results of the paired t-test,
there was no significant difference in the accuracies of
LR (72.9%+10.8%) and RF (70.8%+10.6%): t(4)=0.57,
p=0.60.

In addition, we investigated the confusion matrix to
estimate the performance of the binary classification
problems; the recall, precision, and F1 score results are
shown in Table 5. Figure 5 shows the confusion matrices
of RF in the 4 cases and LR in the FOG_6 case. In the PD
classification problem, RF showed high accuracy perfor-
mance, which was confirmed using the confusion matrix

as well. There was no notable difference in the accuracy,
recall, and precision between the confusion matrices of
RF for PD_36 and PD_5. In the FOG classification prob-
lem, RF with the reduced feature set presented a perfor-
mance degradation in identifying FOG when compared
with RF with all 36 features; the true negative, which
means the percentile of correctly identifying FOG, of RF
degraded from 0.78 (percentile) for FOG_36 to 0.63 for
FOG_6. LR showed a slightly higher accuracy than RF
for FOG_6, but there was no significant difference. The
comparison of the confusion matrices of RF and LR for
FOG_6 showed a marginal difference; the true negative of
RF was 0.63, and that of LR was 0.70. A statistically signif-
icant difference was not indicated, but we speculate that
the correct identification of FOG is crucial to improve
the performance of the FOG classification problem.

Association between clinical and 360° turning
characteristics in people with PD

To investigate the association between the clinical and
360° turning characteristics, we used 5 selected features
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Table 5 Precision, recall, and F1 score of the 7 classifiers for 4 cases
ML techniques PDs vs. Cons (with 36 PDs vs. Cons (with 5 F vs. NF (with 36 F vs. NF (with
features) features) features) 6 features)
Precision LR 976425 982426 742+£18 73.6£10.7
KNN 956453 971+34 65.6+9.7 674+£112
NB 919431 971429 743440 65.1+£9.7
LDA 96.3+4.2 977432 726+£9.2 7014121
QDA 982+26 976425 7334115 682+106
SVM 982426 982426 721£111 59.04£336
RF 982417 982426 814+6.6 71.6+103
Recall LR 974+28 98.0£3.0 728408 7294108
KNN 94.7+6.9 96.7 £4.1 629+8.7 619+78
NB 916429 96.7+33 70.6+6.5 640+£9.0
LDA 96.1£43 974436 718£93 69.6+123
QDA 980430 974428 726+115 675+109
SVM 980430 98.043.0 694489 6344168
RF 981+18 980430 794469 708+106
F1 score LR 974428 980+3.0 725409 7271109
KNN 946471 96.7 £4.1 61.6+85 588487
NB 916428 96.7+33 69.1+£9.2 63.5+9.0
LDA 96.1+43 974436 7154£94 69.54+124
QDA 980430 974+28 724+£11.6 672+112
SVM 980430 980+3.0 688+88 5494247
RF 981+18 980+3.0 791+7.1 7044109

Precision, recall, and F1 score are represented as mean (%) + standard deviation (%)

ML machine learning, PDs people with PD, Cons controls, F people with PD with FOG, NF people with PD without FOG, LR logistic regression, KNN k-nearest neighbors,
NB Naive Bayes, LDA linear discriminant analysis, QDA quadratic discriminant analysis, SVYM support vector machine, RF random forest

in the PD classification and 6 selected features in the
FOG classification, which are extracted via stepwise
regression. The next step was to further analyze the
associations between the clinical and turning features
selected using a stepwise linear regression model after
adjusting for age, sex, height, and BMIL

The results of the linear regression model for people
with PD showed that as the UPDRS total score (p =0.001)
(Fig. 6a), UPDRS part III score (p=0.009) (Fig. 6b), and
Hoehn and Yahr stage (p<0.001) (Fig. 6¢c) increases, the
outer contralateral temporal coordination parameter
increases for people with PD when performing the 360°
turning task. In addition, as the Postural Instability/Gait
Difficulty (PIGD) score (p<0.001) (Fig. 6d) increases,
they show an increase in the outer contralateral temporal
coordination parameter, maximum anti-phase, and outer
step length.

The results of the linear regression model for freez-
ers revealed that as the NFOGQ score (p=0.047)
(Fig. 7a) increases, freezers show a decrease in the
outer step length. In addition, as the UPDRS total score
(p=0.038) (Fig. 7b), UPDRS part III score (p=0.045)
(Fig. 7c), Hoehn and Yahr stage (p=0.002) (Fig. 7d), and
PIGD score (p=0.001) (Fig. 7e) increase, they show an

increase in the outer contralateral temporal coordination
parameter.

Additionally, we evaluated the Spearman’s rank corre-
lation to investigate the relationship between the clinical
characteristics, disease duration, and levodopa equiva-
lent dose. The NFOGQ score (ry=0.405 p<0.001),
UPDRS total score (r=0.325, p=0.004; Pearson corre-
lation), PIGD score (ry=0.358, p=0.001), and levodopa
equivalent dose (r,=0.521, p<0.001) were strongly cor-
related with the disease duration.

Discussion

In the main findings for people with PD and controls of
this study, the five selected features that were most rel-
evant for the classification of people with PD and con-
trols were the inner step length, step width, inner double
support phase, thorax ROM, and incline angle during
the 360° turning task. The machine learning approach
showed that RF solved the PD classification problem with
98.1% and 98.0% accuracies for PD_36 and PD_5, respec-
tively. In the main findings for freezers and non-freezers,
the six selected features that were most relevant for the
classification of freezers and non-freezers were outer
step length, inner hip and ankle ROM, total distance of
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the COM, maximum anti-phase, and outer contralateral
temporal coordination parameter during the 360° turning
task. The machine learning approach showed that RF had
79.4% accuracy for FOG_36 and LR had 72.9% accuracy
for FOG_6. Additionally, the 360° turning characteris-
tics such as outer contralateral temporal coordination
parameter, maximum anti-phase, and outer step length
were associated with the clinical characteristics of people
with PD and freezers. Therefore, the 360° turning features
based on full-body kinematic analysis may enable classifi-
cation of people with PD and controls, freezers and non-
freezers, and its association with clinical characteristics
is demonstrated. These findings are discussed in detail
below.

Classification using feature selection through stepwise
regression

In our study on the classification of people with PD
and controls, 5 features were selected through stepwise
regression to obtain the sensitive cutoff values in the
ROC analysis. These turning features are related to the
spatiotemporal parameters and turning strategy for the
inner step of the more affected limb. People with PD
showed a significantly shorter step length, wider step

width, longer double support phase, greater thorax ROM,
and smaller incline angle for maintaining their center of
gravity between the two feet when compared to those
with controls [44]. The supplementary motor area, which
receives input from the impaired basal ganglia in people
with PD, participates in the control of postural coordina-
tion and affects the bilateral function of gait [45]. These
results may cause dynamic instability during turning
because people with PD present a lower supplementary
motor area activity than with controls [46]. Therefore, we
suggest that people with PD and controls may be distin-
guished using turning features such as spatiotemporal
parameters, trunk ROM, and incline angle related to cou-
pling between posture and gait during turning tasks for
the inner step of the more affected limb [47].

The machine learning approach showed that RF
resolved the PD classification problem with 98.1% and
98.0% accuracies for PD_36 and PD_5, respectively. From
these results, the possibility of distinguishing between
people with PD and controls based on the 360° turning
characteristics was confirmed to some extent. In the PD
classification problem, the feature selection approach by
stepwise regression showed reasonable accuracy perfor-
mance. RF outperformed all other classifiers with all 36
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features; in addition, LR, SVM, and RF with the reduced
feature set performed better than the other classifiers
in resolving the classification problems. These results
indicated that feature selection by stepwise regression
removed irrelevant features. Generally, the output of a
model can be affected by multiple features. When the
number of features increases, the model becomes com-
plicated. An overfitting model tends to consider all fea-
tures, even though some of them have very limited effect
on the final output [48].

For classification of freezers (disease duration:
8.39+5.83 years) and non-freezers (disease duration:
4.36 £3.61 years), six features were selected via step-
wise regression to obtain the sensitive cutoff values in
the ROC analysis. These turning features are related
to the turning strategy and interlimb coordination.
Freezers showed a significantly shorter step length,

greater hip ROM, smaller ankle ROM, longer total dis-
tance of the COM, smaller maximum anti-phase, and
longer contralateral temporal coordination parameter
using the compensatory strategy for postural insta-
bility when compared with those of non-freezers.
In particular, to observe a phase delay between the
upper and lower limbs in people with PD and freez-
ers, temporal coordination while turning may be used
as the primary parameter. During turning, delayed
temporal coordination between the upper and lower
limbs indicates a reduced coordination capacity [49,
50]. In addition, our result showed that freezers have
a dependent turning characteristic by shortening the
outer step length of the rotation center, along with en
bloc head and trunk rotation compared to non-freez-
ers [51]. These characteristics may increase the risk of
falls owing to potential FOG characteristics, suggesting
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that they may experience greater turning difficulty
due to increased postural instability with disease pro-
gression [52]. It may be caused by deficits in several
components of postural control, such as anticipatory

postural adjustments, delayed reaction time, abnormal
automatic postural reactions, and abnormal axial kin-
esthesia [53]. The turning task threatens the stability
of freezers more than any other freezing trigger as it
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requires a precise control of each limb [26]. In addition,
freezers showed less rhythmic and uncoordinated gait
patterns when compared to those of non-freezers [45].
These results suggest that freezers may experience diffi-
culties in performing automatized movements without
adequate attention [54] and may be more vulnerable to
impairments related to interlimb coordination because
turning is asymmetrical when compared with a straight
gait [55]. Therefore, we suggest that freezers and non-
freezers can be classified based on the turning features
related to postural transitions and coordination [56].
The machine learning approach showed that RF
resolved the FOG classification problem with 79.4%
accuracy for FOG_36, and LR resolved it with 72.9%
accuracy for FOG_6. From the results, the possibil-
ity of distinguishing between freezers and non-freezers
based on the 360° turning characteristics was confirmed
to some extent; however, the FOG classification prob-
lem appears more challenging than the PD classification
problem. First, no classifier had high accuracy of more
than 80%. Moreover, the SD of the accuracy for FOG_6
was higher for all classifiers except KNN and QDA when
compared with the results for FOG_36; especially, the
SDs of the accuracies of SVM and LR showed a rapid
increase (the value for SVM ranged from 8.9 to 16.8%
whereas that for LR ranged from 0.8 to 10.8%). We spec-
ulate that this was caused by the relatively small sample
size in this study. The small number of samples might
cause a misinterpretation in the mathematical optimiza-
tion procedure while the classifier is being trained, and
it might affect the performance of SVM and LR because
of the nature of these classification algorithms. In future
research to improve the accuracy of the FOG classifica-
tion problem, the raw time series motion data during the
360° turning task need to be studied via advanced deep
learning techniques such as the n-dimensional convo-
lutional neural network and recurrent neural network.
Although the raw motion data are converted to selected
36 features, there is a possibility of losing key information
required to solve the FOG classification problem.

Associations between clinical and 360° turning
characteristics of people with PD

This study conducted feature selection using stepwise
regression for the 360° turning characteristics. Based
on the selected turning characteristics, the associations
between the clinical and turning characteristics of people
with PD and freezers were investigated. We observed the
associations between the clinical characteristics such as
the UPDRS total and UPDRS III scores, Hoehn and Yahr
stage, PIGD score, and NFOGQ score, and the selected
features during the 360° turning task. Although our result
was similar to the findings of the previous studies on the
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associations between the severity of PD and turning char-
acteristics [57-60], most studies employed small sample
sizes and often did not control for confounders that may
affect the turning characteristics owing to physical char-
acteristics such as age, sex, height, and BML. In addition,
the previous studies assessed the clinical characteristics
in the “On” state of medication [58, 60], whereas this
study assessed the clinical characteristics and turning
task of people with PD in the “Off” state of medication.
The medication status of people with PD influences the
motor symptoms and may affect the generalization limi-
tations of the associations between clinical and turning
characteristics of people with PD who exhibit FOG [61,
62]. A previous study reported that people with PD and
freezers showed a more constrained movement during
turning in the “Oft” state of medication when compared
with the controls and non-freezers [63]. The study con-
sidered a compensation strategy for preventing falls in
people with PD and freezers, which were caused by the
declined ability to control the centrifugal forces that cre-
ate the inertia forces to allow body rotation, especially
immediately after the pivot point during turning [7]. In
addition, as dynamic stability is already compromised in
people with PD and freezers, they may have shown more
careful movement during the turning [64, 65]. A more
constrained postural strategy may be used to facilitate
effective turning under dopamine depletion, which may
influence the control of automatized movement [63,
66]. Especially, freezers need a strategy to increase their
stability during turning owing to greater impairment of
cognitive, executive, and attentional resources when
compared with non-freezers [20, 67, 68].

We showed that PD severity for motor symptoms is
related to a decrease in turning performance. Turning is
an asymmetric task, in which one limb generates a step-
ping pattern, and the other helps with weight shifting and
support; thus, it requires a higher level of bilateral coor-
dination in people with PD and freezers [45]. In a major-
ity of such people, the right limb is initially affected to a
greater extent, suggesting a decline in the neural control
ability during turning due to certain associations between
the symptom-dominant side and dominant hemisphere
[45]. In addition, a higher PIGD score was significantly
associated with greater maximum anti-phase and shorter
outer step length while turning in people with PD. This
result showed that the severity of axial symptoms and
gait difficulties during turning, and not the general sever-
ity of PD, might affect the turning performance [57]. Our
study using the 360° turning task for the inner step of the
more affected limb identified association with clinical
characteristics of people with PD and freezers through
the difference in turning characteristics according to dis-
ease severity for motor symptoms. Previous studies have
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reported that the more affected limb of people with PD
tends to be affected predominantly throughout disease
progression and may promote greater motor deficits [16,
69]. This suggests that the turning difficulty may be a
result of asymmetry between the more and less affected
limbs and impaired in both automatic and controlled
processes [9, 70]. Therefore, we suggest that a more chal-
lenging 360° turning task for the inner step of the more
affected limb may be evaluated through the turning per-
formance of people with PD and freezers.

Furthermore, clinical characteristics related to PD
severity, such as UPDRS total and III scores, PIGD score,
Hoehn and Yahr stage, and NFOGQ score, were identi-
fied as the indicators of FOG [71]. Previous studies have
shown the association of the severity of FOG with motor
deficit [72, 73]. It has been suggested that induced motor
deficit such as the loss of automaticity along with step-
ping inhibition during turning led to repeated weight
shifts without stepping, resulting in trembling of limbs
related to FOG [71, 72]. In particular, our result indi-
cated that the outer step length decreased as the NFOGQ
score increased in freezers. In this study, no difference
between the inner and outer step lengths in freezers was
observed during the turning task. These results do not
indicate the asymmetry of steps during turning in freez-
ers with advanced disease severity [74, 75], which may be
reflected as reduced normal asymmetric gait strategy and
bilateral motor coordination during turning [74].

Additionally, we observed the correlation of the
NFOGQ, UPDRS total, PIGD score, and levodopa equiv-
alent dose with disease duration. The advanced severity
and long duration of the disease along with disease pro-
gression in people with PD may contribute to the sever-
ity of FOG [75]. There was also a significant correlation
between the PIGD score and disease duration, which
could lead to axial symptoms including gait disturbance
and postural abnormalities in freezers with longer dis-
ease duration when compared with non-freezers [76].
Although people with PD are likely to develop FOG over
time (it may be noted that all people with PD do not
develop FOQ), other factors such as the disease duration
and dopaminergic treatment as well as genetic status may
also influence gait disturbance [77].

Our study had several limitations. First, the effects of
the “On” and “Off” states of medication and the differ-
ences in the turning direction were not compared while
evaluating the 360° turning tasks. Second, our datasets
have an imbalance related to gender and use different
sample sizes. The results are expected to improve with
a more homogeneous dataset. However, we analyzed
after adjusting for the covariates of age, sex, height, and
BMI. Third, the sample size of freezers in the FOG clas-
sification problem was relatively small: 34 freezers and
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43 non-freezers. Although we used the random over-
sampling technique to handle this imbalanced dataset,
the inadequate sample size was likely to cause instabil-
ity of the classification performance of SVM and LR, as
mentioned previously. In addition, a FOG episode was
induced in one participant during turning for the inner
step of the more affected limb; the corresponding results
were excluded from the analysis. Fourth, the R? values
for the associations between disease severity and turning
characteristics of people with PD are weak. Thus, further
study using instruments to assess various clinical char-
acteristics in the medication “On” and “Oft” states and
longitudinal studies are needed to generalize the asso-
ciations between disease severity based on the clinical
characteristics and the turning characteristics. Fifth, for
previous studies, many measures related to disease sever-
ity (duration of disease, UPDRS total and III scores, and
levodopa equivalent dose) of people with PD have been
significantly different between freezers and non-freezers
[31, 71, 72, 76]. However, our result that no difference in
UPDRS III between freezers and non-freezers (p =0.565).
Research suggested that although UPDRS III may con-
tribute to assessing the functional impact of FOG, there
do not reflect the overall severity of FOG [31]. There-
fore, further research is needed considering the sample
size and objective evaluation status of freezers and non-
freezers. Lastly, machine learning techniques with higher
predictability for classification and a filtering technique
for motor symptoms of people with PD and freezers need
to be developed. A method employing a larger sample
size or important factors contributing to improving the
evaluation of disease severity and predictability of clas-
sification and diagnosis may be added to the classification
model. Further studies are needed to evaluate the realis-
tic patient movements on the raw time series motion data
through advanced machine learning techniques such as
deep learning.

The findings of this study have some important impli-
cations. First, the results of the turning characteristics for
the inner step of the more affected limb in people with
PD and freezers may be helpful in improving the clinical
assessment and understanding of disease severity by dis-
ease progression. Second, the machine learning approach
to resolve the PD and FOG classification problems of this
study showed similar results when using kinematic fea-
tures selected through 360° turning analysis. This result
may be helpful in understanding the movement char-
acteristics and classifying the disease severity of people
with PD and freezers based on certain main factors of
the spatiotemporal and kinematic features during turn-
ing tasks. Third, the clinical characteristics were shown
to be associated with the turning characteristics. These
results may help in ameliorating the motor symptoms of
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people with PD and improving the rehabilitative strate-
gies, which may reduce the occurrence of freezing.

Conclusion

Feature selection through stepwise regression was used
to select the meaningful turning features for the clas-
sification of people with PD and controls and freezers
and non-freezers. The next step based on the machine
learning approach showed similar results wherein RF
showed the highest classification accuracy of 98.1% in
the PD classification problem when using all 360° turn-
ing features, and 98.0% when using the five selected
features; RF and LR showed 79.4% accuracy in the
FOG classification problem when using all 360° turn-
ing features, and 72.9% accuracy when using the six
selected features. In addition, the results for the asso-
ciations between the clinical and turning character-
istics showed that lower turning performance might
indicate increased disease severity. We suggest that
our results understand the turning characteristics of
people with PD and freezers during the 360° turning
task for the inner step of the more affected limb and
may help in improving the objective classification and
clinical assessment by disease progression using turn-
ing features selected. Further in-depth studies based on
machine learning are required as turning factors may
support the classification of PD, and changes in sever-
ity of motor symptoms can be assessed through sensor-
based motion analysis in daily life.
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