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Frequency-based deep learning to identify
subtle postural instability in early,
untreated Parkinson’s disease
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Despite evidence of early neurodegeneration, postural instability is commonly associated with later
stages of Parkinson’s disease (PD), mainly due to a lack of sensitive measures. Here, we aim to provide
a sensitive, easily obtainable objective measure of postural instability for earlier clinical detection. We
assessed postural sway in 40 newly diagnosed, untreated individuals with PD and 79 age-matched
healthy controls while they stood quietly for 30 seconds with their eyes open and feet together. Body
sway was recorded with a single accelerometer placed at the lumbar spine. We trained a convolutional
neural network (CNN) to distinguish between the groups based on the frequency information of their
sway signals. Our models reached an average accuracy, sensitivity, and specificity of 98.9%, 97.7%,
and 98.9%, respectively. This suggests that characteristic frequency features of postural sway reflect
subtle postural impairments in early PD, with great potential to translate into clinical applications.

Parkinson’s disease (PD) is a complex, progressive neurodegenerative dis-
order that presents with a variety of motor and non-motor symptoms.
Despite the myriad symptoms a person with PD may develop, several core
motor features are characteristic: rest tremor, bradykinesia, rigidity, and
postural instability'. The latter marks one of the most disabling features of
PD and becomes “clinically” apparent in moderate to late stages of the
disease, at which time it highly increases the risk of falls and significantly
worsens quality of life’”.

PD affects the substantia nigra, a critical component of the basal
ganglia, a network of deep neurons that play an essential role in the control
of axial tone, postural responses, and interpretation of somatosensory
information”’. Because neuronal degeneration begins long before visible
symptoms occur, there are likely to be postural abnormalities in early and
even prodromal periods, though these subtle changes may be obscured by
efficient compensatory mechanisms®. Earlier detection of subtle instability
would not only assist in the clinical evaluation of PD but would also pave the
way for earlier countermeasures, as evidenced by the positive effects of early
treatment and exercise on the overall progress of the disease™"’. Clinically,
postural instability is currently evaluated by employing gold-standard
clinical assessment tools, including the Movement Disorder Society (MDS)

Unified Parkinson’s Disease Rating Scale (MDS-UPDRS)"". For instance, as
part of this scale, subjects are instructed to respond to a rapid backward pull
of the shoulders, and this “retropulsion test” is used as a surrogate measure
of postural instability. This makes it insensitive to mild impairments because
marked postural instability is only clinically visible by naked eye at later
stages of the disease'”.

The best way to detect subtle postural instability is to find suitable
objective measures'’. One opportunity is to investigate postural sway during
quiet standing, as it reflects how the nervous system controls the complex
sensorimotor task of maintaining bipedal equilibrium'“"*. An advantage of
investigating postural sway is that it can usually be tracked with little effort
using a force plate or wearable sensors, the latter of which have become
widely used in biomechanical research due to their high practicability and
easy application'®"”. Utilizing these tools, prior studies have demonstrated
abnormal postural sway in PD (for a review, see ref. 12), even in patients
with only mild to moderate symptoms'®**; however, data from different
groups have been conflicting and there are challenges in generalizing these
results, likely due to the multifactorial nature of balance impairments and
heterogeneity within the PD population'*”’. Moreover, most studies
investigated participants who were taking antiparkinsonian medications,
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which have been shown to affect postural sway in various ways, again with
inconclusive results'****. Research on postural instability in individuals
with early PD who have not yet started antiparkinsonian medications
remains limited. While few studies did not find any differences in postural
measures of individuals with early PD compared to healthy controls™*,
others found sway amplitude and jerkiness to be abnormal in individuals
with early, untreated PD compared to healthy controls during single- and
dual-task quiet standing’"”’. Thus, there is a demand for an objective marker
of postural sway that can reliably distinguish between individuals with early,
untreated PD and healthy controls in a generalizable way and act as a
potential clinical outcome measure for the disease’”". One such candidate
marker might lie in the frequency realm. Though most studies on early PD
have focused on spatiotemporal sway measures, there is evidence that
specific frequency characteristics of postural sway are indicative of PD*"*,

Recently, machine learning approaches have successfully detected early
signs of motor impairments in PD. For instance, Di Lazzaro and colleagues
have used support vector machine classification to detect de novo, drug-free
PD based on instrumented pull and timed up-and-go tests with an accuracy
of up to 97%". Choi et al. have used a convolutional neural network (CNN)
based on wearable sensor data to detect early (but medicated) PD during a
6-min walking task with accuracies of up to 83.5%". Di Zubiena and col-
leagues successfully used a k-nearest neighbors classifier on data from
reactive postural responses to not only differentiate between individuals
with PD and healthy controls, but also between PD in OFF vs. ON medi-
cation states”. Machine learning approaches, including our own, have also
successfully been applied to detect postural instability in PD based on
postural sway data®, making them a promising candidate to detect
potential postural impairments when the disease is early and untreated.

Considering these findings, this study aims to investigate the frequency
content of postural sway in a group of individuals with a recent (<3 years)
diagnosis of PD (early PD) who have not started any antiparkinsonian
medication yet (untreated) and a group of age-matched healthy controls
(HC) as they perform a quiet standing task with eyes open using one
wearable sensor at the Lumbar spine. Building on previous work™, while
also investigating traditional measures of postural sway, we aim to utilize a
custom-built convolutional CNN to classify both groups in a generalizable
way. We hypothesize that our CNN trained on frequency spectrogram
images obtained from postural sway acceleration signals will learn distinct
features as signs of early postural instability and use these to generalize
toward unseen data.

Results
Spectrograms of acceleration signals showed elevated fre-
quencies in people with early PD, specifically in the medio-lateral
direction
First, we analyzed the resampled but otherwise raw acceleration signals
according to their spectral content using a Fast-Fourier transform (FFT).
The group-averaged spectrograms obtained from the anterior—posterior
(a-p) and medio-lateral (m-1) sway signals can be seen in Fig. 1.
Spectrograms based on the a—p sway signals showed elevated fre-
quencies in the range of 2-6 Hz for the PD group. Albeit weaker, a similar
elevated profile could be found in the HC group. In contrast, the average
spectral content of the m-1 sway signals revealed a much larger elevation
with several distinct peaks in the PD group, stretching from around 2-10 Hz
and beyond. Here, this was in stark contrast to the HC group, who showed
only a slight elevation in this frequency range, similar to their respective a-p
signals.

Among the traditional parameters of sway, only frequency-
related measures were different between people with early,
untreated PD and healthy controls

We analyzed common traditional postural sway measures in the spatio-
temporal and frequency domains. Based on the qualitative frequency
spectrograms (Fig. 1), we analyzed the spectral content of the sway accel-
eration signals in the 2-10 Hz frequency range. The results, along with their

respective p-values and effect sizes obtained from non-parametric
Mann-Whitney tests, can be seen in Table 1. Measures were calculated
for signals in the a-p and m-1 directions as well as planar, when applicable.
After correcting for multiple comparisons, we only found significant dif-
ferences between groups in the m-1 mean frequency (mFreq_ml) and in the
frequency dispersion (FD) of their sway signals in both the a-p and m-1
directions, reaching effect sizes of 0.41, 0.42, and 0.64, respectively.

Subsequently, we used the three sway frequency measures that sig-
nificantly differed between the groups and assessed their discriminative
ability. For this purpose, we calculated the receiver-operator characteristics
(ROC) area under the curve (AUC) based on a logistic-regression classifier
for each measure. The results are shown in Fig. 2. While the m-1 mean
frequency and a—p frequency dispersion both resulted in an ROC AUC of
0.75 and 0.76, respectively, the most-discriminative traditional feature for
classification between early, untreated individuals with PD and healthy
controls was the frequency dispersion of the m-1 sway acceleration signal,
reaching an ROC AUC of 0.90.

CNN classification revealed high accuracy in discriminating
between early, untreated PD and healthy controls for medio-
lateral sway

Figure 3 shows the training and validation accuracies of 250 models trained
with our CNN architecture, along with final classification performance
metrics on the validation set (unseen data) after 1000 epochs of training of
the five best-performing models for the a-p and m-1 acceleration signals,
respectively. Average performance measures on the validation data, along
with their standard deviations based on both signals, can be seen in Table 2.
Even though the top-performing models trained on the anterior—posterior
sway data reached a validation ROC AUC of up to 0.97 and precision-recall
(PR) AUC of up to 0.87, they were still misclassifying many samples, and
their average classification accuracy on unseen validation data plateaued at
around 70%. Moreover, the large spread of validation loss during training
indicates overfitting. In contrast, models trained on the medio-lateral sway
data showed monotonously decreasing loss on both the train and validation
sets. Accuracies reached an early high plateau and converged at almost 100%
on the training set, but also on unseen validation data. This is also reflected
in the performance of the five best models and their respective ROC AUC of
1.0 and PR AUC of 0.92 on the validation set data.

The superior performance on medio-lateral data in contrast to
anterior-posterior data is also reflected in the average performance scores of
our models (Table 2). With an average accuracy of about 74% and a sen-
sitivity of only 54%, classification based on the anterior—posterior data was
vastly outperformed by medio-lateral outcomes. Here, average accuracy
reached around 99%, along with high sensitivities and specificities averaging
around 98% and 99%, respectively.

Discussion

Our findings suggest that a 30 s test of postural sway, performed with eyes
open, is sensitive in discriminating between individuals with early, untreated
PD and healthy controls of a similar age. We used traditional postural sway
measures and a novel deep learning approach to detect postural instability
based on frequency features of the acceleration signals.

Interestingly, when evaluating traditional sway measures, only
frequency-related measures showed a significant difference between people
with untreated PD and healthy controls. Here, frequency dispersion in the
medio-lateral direction was the most distinct feature. While classification
based on m-1 frequency dispersion reached a ROC AUC of 0.90, this was
even outperformed by the models of our custom CNN classifier, which were
able to distinguish both groups with an average ROC AUC 0f 0.96 on unseen
data. As the frequency spectrograms and thus frequency dispersion still vary
across subjects within each group, our CNN approach seemed to be best
suited to generalize between the two groups. These results suggest that there
are features in the frequency content of the medio-lateral postural sway
signals during quiet standing that our custom algorithm can learn to reliably
detect in early, untreated PD.
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Fig. 1 | FFT frequency power spectrograms for the
anterior-posterior and medio-lateral directions.
Data averaged across participants in each group.
Thick lines represent means, shaded areas represent
the standard error of the mean. Red graphs show
data from PD participants, green graphs show data
from HC.
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Table 1 | Mean and standard deviation of various traditional
postural sway measures, along with their p-values and effect
sizes (r) between groups

PD HC Statistics
Mean SD Mean Sb p I

Jerk_ap [m?/s°] 0.1581 0.1886 0.2041 0.3014 0.673 0.04
Jerk_ml [m?/s°] 0.4414 1.0025 0.1531 0.1517 0.027 0.20
RMS_ap [m/s?] 0.0686 0.0273 0.0784 0.0610 0.978 0.00
RMS_ml [m/s?] 0.0579 0.0384 0.0625 0.0250 0.045 0.18
EllipseArea95 0.0775 0.0728 0.0922 0.1076 0.744 0.03
[m%s?]

mFreq ap[Hz]  3.5852 15013 35077 17050 0.566  0.05
mFreg_ml [Hz] 5.1214 1.4969 3.7484 1.4202 <.001 0.41
CF_ap [Hz] 4.1469 0.6784 3.9254 0.5192 0.043 0.19
CF_ml [Hz] 4.3188 0.6647 4.1838 0.5526 0.160 0.13
FD_ap 0.4575 0.0859 0.5356 0.0771 <.001 0.42
FD_ml 0.3938 0.0732 0.5257 0.0794 <.001 0.64

SD standard deviation, Jerk sway jerkiness, RMS root-mean-square distance, EllipseArea95 ellipse
95% confidence area, mFreq mean frequency, CF centroidal frequency, FD frequency dispersion.
Significant differences between groups (p < 0.0045, after correction) are highlighted in bold.

Our data, which suggests that the medio-lateral sway direction may
distinguish between individuals with early PD and healthy controls, con-
firms previous findings*'*”~*'; the distinction between these groups may be
due to the lateralization of symptoms in PD, which has been suggested to be
particularly prominent in early stages***’. Medio-lateral sway is especially
prominent when people stand with their feet together, which narrows the
lateral base of support. This posture requires control of the body center of
mass via muscles at the hips and trunk, unlike anterior-posterior sway that
results from control via muscles at the ankles*. People with PD typically
show progression of motor symptoms from upper limbs to lower limbs*, so

it is possible that lateral sway is a more sensitive indicator of early PD than
anterior-posterior sway because upper limb muscles are involved. In order
to investigate the frequency domain of postural sway, most studies thus far
have examined frequencies below 3.5 Hz. This is likely for several reasons.
Using center of pressure measurements, it has been shown in general that
most power in postural sway during quiet upright standing occurs in fre-
quencies below 0.5 Hz", and these low oscillations have been shown to be
more prominent in the COP motion of individuals with early and moderate
PD*. Focusing on low frequency also reduces interference from (resting)
tremor, which usually manifests between 4 and 7 Hz"*’. In fact, the fre-
quencies we found to be amplified in the sway signals match those of resting
or re-emergent tremor commonly found in PD*. Analogous to our findings,
in an exploration of postural sway features indicative of PD, while leaving
tremor frequencies included, Palmerini et al. found that power in those
higher frequencies of medio-lateral postural sway was most indicative of
PD™. As in our study, they recorded acceleration signals, which tend to
pronounce higher frequencies. However, those frequencies were also con-
firmed in more recent studies using positional tracking of postural sway,
where the frequency power in the 3-7 Hz band of the COP differentiated
between motor subtypes of PD* and in another group of participants with
advanced PD who showed excessive sway in this range when their deep
brain stimulation (DBS) was switched off*". This calls into question the
origin of these amplified tremor frequencies and whether they should be
avoided when assessing postural sway, as they might only stem from the
shaking of extremities and thus present noise that is projected to the sensors.
Alternatively, they may constitute an integral part of the postural control
loop of upright stance. Kerr and colleagues, who found a high coherence
between tremor in the hands and COP dynamics, have argued that those
frequencies might have implications for postural stability*. In people with
PD, tremor is thought to arise from the synchronization of cerebral oscil-
lations in two partially overlapping central networks, e.g., the cerebello-
thalamo-cortical circuit and basal ganglia-cortical loop™. Thus, it is likely
that tremor not only affects the movement of upper limbs, particularly the
hands, but also affects the processing and execution of motor commands
involved in the balance control loop. Moreover, we had an independent
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Fig. 2 | Significant postural sway measures and
their corresponding ROC curves based on a
logistic regression classifier. a Boxplots of the three
postural sway measures that significantly differed
between groups: medio-lateral mean frequency,
anterior—posterior frequency dispersion, and
medio-lateral frequency dispersion. Red data points
indicate data from the PD group, green data points
are from the HC group. b ROC curves with area
under the curve (AUC) of a logistic regression
classifier obtained from each respective measure.
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clinician evaluate videos of our participants performing the standing task,
and only 8 out of the 40 PD participants showed a clinically visible tremor in
the shaking of their hands. When we excluded these eight participants and
trained another 250 models, their average performance based on medio-
lateral sway data dropped slightly but was still outstanding (Accuracy:
95.45 + 7.30; Sensitivity: 89.04 + 18.71; Specificity: 95.92 + 6.74; Precision:
94.85 £ 10.17; F1-Score: 91.07 + 14.92; ROC AUC: 97.73 + 4.13; Precision/
Recall AUC: 85.15 + 8.51). The results obtained from the tremor-excluded
models can be seen in Supplementary Fig. 1. Apart from tremor, another
cause for the elevated high frequencies in people with early PD may be
rigidity. Biomechanically, higher frequencies have been associated with
increased stiffness around the ankle joint™, which could be explained by the
increased muscle rigidity commonly associated with PD***, as discussed in
a previous publication®. Moreover, it has been shown that dopaminergic
medication improves rigidity”. Although our participants with PD were
within 3 years of diagnosis and had not started antiparkinsonian medica-
tion, we speculate that their increased rigidity, in contrast to the HC group,
could have resulted in the excellent outcomes of our CNN model.
Although their clinical origin remains speculative, we believe that the
elevated high frequencies found in our spectrograms and likely used by our
CNN represent a reliable, general feature of early, untreated PD that is not
visible during traditional clinical testing. Whether those frequency features
do represent sub-clinical postural instability and/or stiffness from rigidity,
jerkiness, or some other pathological sign remains to be determined in

further research. Notably, our study only investigated the standing state,
while postural stability is also critical in dynamic situations like walking,
where it contributes to fall risk. Nevertheless, our approach might contribute
to detecting static postural impairments associated with more dynamic
scenarios (e.g., stance control during gait) and, thus, facilitate fall risk
assessment. Given the brief recordings from a single wearable accelerometer
and the ubiquity of smartphones and watches which include these sensors™,
our approach has the potential to be utilized as a widely accessible health
application. We chose to investigate data from the Lumbar sensor due to
ease of application, and since the Lumbar region is close to the center of
mass, whose stabilization is crucial for proper postural performance.
Despite our promising results, we would like to highlight the limita-
tions of our study. First, since the task was part of a larger assessment battery,
we could not perform repeated measures to investigate intra-subject
variability. However, given the potential applications of our classifier, it
needs to perform robustly on “snapshot” data. Along with this, measure-
ments were not taken at the same time of day for each participant. Muscle
strength fatigues over the day, especially in the elderly, which might affect
postural performance. In total, 80 participants were recorded in the after-
noon (after 12 pm), while 39 were recorded in the morning (before 12 pm),
ie, 67.2% of data was acquired later during the day (see Supplementary
Table 1). Within groups, 57.5% of PD participants and 72.2% of HC par-
ticipants were recorded in the afternoon, resulting in a small bias for the HC
group toward later recordings. To see whether time of day had an effect on
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Fig. 3| Outcome measures of the CNN classifier based on frequency spectrograms
obtained from the raw acceleration signals. The left panel shows performance on
sway signals in the anterior—posterior direction; the right panel shows performance
based on sway signals in the medio-lateral direction. a Loss and accuracy over the

course of 1000 training epochs for the train and validation data, respectively. Solid

Recall

lines indicate the average across 250 models, shaded areas indicate the standard
deviation. b Confusion matrices of the five best-performing models based on the
classification of the validation set. ¢ ROC and precision-recall curves of the five best-
performing models evaluated on unseen validation set data. Shaded areas indicate
the area under the curve. Circles indicate the operating point of each model.

postural sway, we compared FD_ml values (see Table 1 and Fig. 2) obtained
in the morning with those obtained in the afternoon within each group.
There was neither an effect of time of day on FD_ml in the PD group
(p=0.42) nor in the HC group (p = 0.60). Second, and most importantly,
although we assessed a relatively large group of early, untreated PD parti-
cipants, the total number of observations we fed into our classifier was still
small for a deep learning approach. Considering the traditional measures we
investigated, we performed a posteriori power calculation using the highest
achieved effect size of 0.64 (medio-lateral frequency dispersion, Table 1)
when testing group differences. Given our group sizes of 40 and 79 parti-
cipants, respectively, this led to an achieved power of 0.95. This means our
group sizes were large enough to reject our null hypothesis under the
assumption of & = 0.05. However, considering our spectrogram-based deep
learning approach, even though we performed careful cross-validation and
achieved robust detection across models, our models potentially still overfit
our dataset, and the generalizability of our results needs to be confirmed in
independent, large-scale studies. Also, the interpretability of these findings

needs to be elaborated further. Given those limitations, our study must be
considered of a preliminary nature. In addition, for our findings to be used as
a potential marker, populations in prodromal stages of PD need to be
investigated. In summary, while its exact clinical origin remains to be
determined, elevated frequency power between 2 Hz and 10 Hz in medio-
lateral postural sway appears to be highly indicative of sub-clinical postural
instability in early, untreated PD. If our results can be confirmed in larger-
scale studies, our single-sensor recordings of a short and easy-to-perform
task, along with our proposed deep learning approach, have the potential to
assist clinical evaluation of PD and might be utilized to detect early postural
impairments in prodromal phases of the disease.

Methods

Participants

We assessed postural sway in 40 individuals newly diagnosed with PD who
had not started any antiparkinsonian medication yet, and 79 age-matched
healthy controls. Participants’ characteristics can be seen in Table 3. A more
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detailed listing of those characteristics can be found in Supplementary
Table 1.

Inclusion criteria for the individuals with PD were (a) Untreated for
PD, (b) Hoehn and Yahr stages 1 and 2, (c) time since disease diagnosis less
than 3 years, (d) 50-89 years old. The recently validated MDS criteria for
clinically established early PD were a diagnosis of Parkinsonian Syndrome
with Bradykinesia (slowness of initiation of voluntary movement with
progressive reduction in speed and amplitude of repetitive actions) and at
least one of the following: (i) Muscular rigidity, (ii) 4-6 Hz rest tremor, or
(iii) Postural instability not caused primarily by visual, vestibular, cerebellar
or proprioceptive dysfunction. Exclusion criteria for all subjects were: (a)
inability to stand for 30 seconds and walk without an assistive device, (b)
other neurological disorders, vestibular disorders, and musculoskeletal

Table 2 | Average performance measures of the 250 CNN
models classifying unseen validation data

Performance measure (%) mean = SD (n = 250)

Anterior-posterior Medio-lateral
Accuracy 73.80 +07.06 98.92 +3.59
Sensitivity 53.73 £ 16.96 97.67 +7.09
Specificity 78.85 £ 05.98 98.90 + 3.26
Precision 64.89 +15.63 99.05+4.76
F1-Score 56.84 £13.10 98.28 +5.81
ROC AUC 78.03 + 08.05 99.62+1.73
Precision/Recall AUC 62.61 +10.00 89.88+5.16

Table 3 | Participant demographics, along with clinical scores
of the PD group

Average [min-max] PD HC P
n 40 79 -
Age 69.9 [62-81] 68.8 [46-83] 0.49
Sex F=16,M=24 F=40,M=39 0.28
MoCA total score 26.0 [20-30] 26.8 [22-30] 0.16
MiniBEST total score 22.9[14-28] 24.1[17-28] 0.04
Disease Duration (months) 10.3 [1-32] - -
Hoehn & Yahr stage 1(8), I1(32) - -
MDS-UPDRS Ill total score 27.7 [13-46] - -
MDS-UPDRS Il PIGD score 2.3 [0-6] - -
MDS-UPDRS Il tremor score 6.7 [2-16] - -
Time course data
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Fig. 4 | Recording and data pipeline. Raw acceleration data from an IMU placed
over the Lumbar spine is transformed into time-frequency spectrograms, which are
then fed into a CNN classifier as greyscale images (lower branch). For comparison,

problems that affect gait and balance, (c) cognitive impairment that affects
the ability to follow instructions, (d) expect to be taking levodopa within the
next year, (e) participating in therapeutic trials, or (f) excessive use of alcohol
or drugs.

All participants gave written informed consent prior to the experiment,
including about the storage and processing of their data. The research was
approved by the Institutional Review Board of Oregon Health & Science
University (#s 4131, 8979, and 24814). All research was conducted in
accordance with the Declaration of Helsinki.

Experimental protocol

Participants stood barefoot on a firm surface with their feet together and
eyes open. While we asked them to stay as stable as they could for 30 s, we
recorded their anterior-posterior (a-p) and medio-lateral (m-1) body
motion with a single accelerometer (Opal, ADPM Wearable Technologies,
Clario, Portland, Oregon, USA) placed over the Lumbar spine, approxi-
mately at their center of mass level (Fig. 4).

Data (pre-)processing

Raw acceleration signals were detrended and resampled to 50 Hz, resulting
in 1500 samples per 30 s-trial. No other filters were applied. We first cal-
culated FFT-based frequency spectrograms to obtain qualitative insight into
the spectral content of the raw acceleration signals. Subsequently, we ana-
lyzed the signals to obtain various traditional sway features as they have been
used to assess postural sway in healthy and impaired populations™**"*, A
complete list of the used features can be found in Table 1. Before extraction
of these features, signals were transformed into a horizontal-vertical coor-
dinate system™.

To prepare the raw acceleration signals for our deep learning classifier,
they were transformed into time-frequency-spectrograms using wavelet
decomposition (generalized Morse wavelets, gamma: 3; 28 voices per octave;
frequency range: 2-10 Hz). Each spectrogram consisted of 1500 time points
(30s @ 50 Hz) and 66 frequency bands (Fig. 4). Frequency power values
were obtained from the resulting complex wavelet coefficients by taking
their absolute values. Subsequently, the time-frequency power spectro-
grams were treated as greyscale images (1500 by 66 pixels) and fed into the
classifier network along with their respective group label (PD vs. HC).

Deep learning architecture

We built a custom CNN using the PyTorch framework® that has been
published previously®. Three convolutional and three pooling layers were
used for feature extraction before flattening the data vector and feeding it
into our classifier, which consisted of three dense layers with a final binary
output of the group label for either PD or HC (Fig. 5). Utilizing this
architecture, a total of 250 models were trained for the anterior-posterior
and medio-lateral signals, respectively. Each model was run on entire data
batches over 1000 epochs with a learning rate of 0.0001 and slight reg-
ularization (weight decay = 0.001). Due to the uneven sample sizes between

Feature extraction

+ Time domain Top features

Logistic Regression
Classifier

—)

* Frequency
domain

Time-frequency Greyscale image

spectrogram 1500 px
g 10Hz
s | 3 —) 5 CNN
g —c I T ] Classifier
- ‘-——
Time 2Hz
0s —» 30s

traditional postural sway features in the time and frequency domains are extracted
and fed into a logistic regression classifier (upper branch).
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Fig. 5| Data split and architecture of the classifier. 70% of samples from each group
go towards the training set, and the remaining 30% are used for validation. Each
model is trained over 1000 epochs and validated at each step. The network consists of

~ —
’F\’/cl)le conv conv % x\" Classifier
Max Avg
Pool Pool

Learning rate: 0.00001
Weight decay: 0.0001
Dropout (dense layers): 0.8

three convolutional and three pooling layers, with the final classifier consisting of
three dense layers. Visualization of the CNN was created with NN-SVG”.

groups, we used an ADAM optimizer with weighted cross-entropy loss,
weights reflecting the inverse of the sample size of each group. On a per-
subject basis, 70% of the labeled spectrogram images were used to train each
model; the remaining 30% of samples were kept for validation (Fig. 5). For
enhanced generalizability and to account for potential overfitting to a spe-
cific subset of participants, the per-subject assignment to each respective
train and validation set was randomized before a new model was trained. As
such, each model we ran was trained and tested based on data from different
individuals.

Statistical analysis

Due to unequal sample sizes and variances, traditional sway features were
tested for group differences using non-parametric Mann-Whitney tests. We
considered 95% confidence intervals to reject the null hypothesis. Because
we assessed 11 sway measures, we corrected for multiple comparisons using
the Bonferroni method, resulting in p-values < 0.0045 being considered
statistically significant. Effect sizes (r) were obtained by dividing the z-scores
of the Mann-Whitney tests by the square root of the total number of
participants. Our deep learning models were evaluated on their classification
performance on each respective validation set. We calculated each model’s
sensitivity, specificity, precision, and F1-score, as well as their predictive
accuracy and corresponding receiver—operating characteristics (ROC)
curves and precision-recall curves with area under the curve (AUC)®'. Data
pre-processing and statistical evaluations of the deep learning models were
performed in MATLAB (2024b, The MathWorks, Inc., Natick, MA). Non-
parametric testing of the traditional sway measures was performed in SPSS
(IBM, Armonk, NY).

Data availability

The datasets generated and analyzed during the current study are not
publicly available due to being part of an ongoing study, but are available
from the corresponding author on reasonable request.
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