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ARTICLE INFO ABSTRACT

Keywords: Background: The ability to arise from a sitting to a standing position is often impaired in Parkinson’s disease (PD).
PaflfiHSOH’s disea‘se This impairment is associated with an increased risk of falling, and higher risk of dementia. We propose a novel
Arising from chair approach to estimate Movement Disorder Society Unified PD Rating Scale (MDS-UPDRS) ratings for “item 3.9”

Time series analysis
Computer vision
Pose estimation
Machine learning

(arising from chair) using a computer vision-based method, whereby we use clinically informed reasoning to
engineer a small number of informative features from high dimensional markerless pose estimation data.
Methods: We analysed 447 videos collected via the KELVIN-PD™ platform, recorded in clinical settings at
multiple sites, using commercially available mobile smart devices. Each video showed an examination for item
3.9 of the MDS-UPDRS and had an associated severity rating from a trained clinician on the 5-point scale (0, 1, 2,
3 or 4).

The deep learning library OpenPose was used to extract pose estimation key points from each frame of the
videos, resulting in time-series signals for each key point. From these signals, features were extracted which
capture relevant characteristics of the movement; velocity variation, smoothness, whether the patient used their
hands to push themselves up, how stooped the patient was while sitting and how upright the patient was when
fully standing. These features were used to train an ordinal classification system (with one class for each of the
possible ratings on the UPDRS), based on a series of random forest classifiers.

Results: The UPDRS ratings estimated by this system, using leave-one-out cross validation, corresponded exactly
to the ratings made by clinicians in 79% of videos, and were within one of those made by clinicians in 100% of
cases. The system was able to distinguish normal from Parkinsonian movement with a sensitivity of 62.8% and a
specificity of 90.3%. Analysis of misclassified examples highlighted the potential of the system to detect
potentially mislabelled data.

Conclusion: We show that our computer-vision based method can accurately quantify PD patients’ ability to
perform the arising from chair action. As far as we are aware this is the first study estimating scores for item 3.9
of the MDS-UPDRS from singular monocular video. This approach can help prevent human error by identifying
unusual clinician ratings, and provides promise for such a system being used routinely for clinical assessments,
either locally or remotely, with potential for use as stratification and outcome measures in clinical trials.
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1. Introduction

Parkinson’s disease (PD) is an increasingly common neurological
condition, affecting 1% of those ages over-60 [1]. Axial motor impair-
ments, including difficulties arising from sitting to standing, are com-
mon in patients with PD [2,3]. These difficulties are associated with
being unable to turn over in bed [2], increased risk of falling [4,5],
decreased functional independence [6], as well as being a predictor for
dementia in PD [3].

The gold standard to evaluate motor impairment in PD patients is the
Movement Disorder Society-sponsored revision of the Unified Parkin-
son’s Disease Rating Scale (MDS-UPDRS) [7]. The MDS-UPDRS is used
by clinicians to rate a patient on a 5-point scale for a variety of items,
with “item 3.9” (arising from chair) being used to measure the ability to
arise from a sitting to a standing position (see Table 1). However, despite
the guidance that accompanies the scale, this can be a relatively sub-
jective measure, that is poorly quantified with wider inter-rater vari-
ability that requires trained personnel in order to score accurately [8].

A common method to more formally quantify the action of arising
from chair is through sensors, such as magneto-inertial sensors [9],
motion sensor and force plates [10], or through complex motion analysis
systems in laboratory settings [11]. Although technologies allowing
objective measurement of movement, such as accelerometers, have been
available for multiple decades, they have not been widely adopted by
clinicians [12,13]. Cost and ease of use are important, and technologies
which require additional equipment (and its associated maintenance
and cost) are unlikely to be embraced by practitioners in the clinic, even
if they would provide analytical superiority. Knowledge and concerns
around expertise in using and integrating such technologies were one of
the most commonly reported hindrances to the successful adoption of
clinical decision support systems [14].

Meanwhile, mobile computing devices are now widely used, with an
ever increasing proportion of the population being familiar with their
operation. The cost of these devices, which generally include video
recording capabilities, along with video conferencing has decreased
sharply in recent years, leading to their more widespread availability.
This opens up tremendous potential for telemedicine for the assessment
of patients with PD [15].

Magneto-inertial sensors have been used to detect the difference
between PD patients and healthy subjects [9], while multi-camera mo-
tion analysis systems have been used to distinguish successful and failed
sitting to standing attempts [11], but these technologies have not hith-
erto been used to estimate MDS-UPDRS ratings for arising from a chair.
Computer vision has however already been used to estimate the severity
of PD symptoms as it relates to bradykinesia and gait [16-21], including
our own ongoing work [22,23].

Here, using a dataset of videos collected during routine MDS-UPDRS
assessments at five different clinical sites, we trained a model to estimate
specific MDS-UPDRS item scores. We show how the model (a) achieves
high accuracy, showing good agreement with assessors’ scores, and (b)
can be used to identify cases in which raters likely mislabelled the data

Table 1
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— beyond any expected disagreement between different assessor.

Because of the potential inter-rater variability in MDS-UPDRS rat-
ings, it is not uncommon for clinicians to diverge from one another by 1
point on the UPDRS [24]. Given this, a computer system able to estimate
these ratings, and provide a real-time ‘second opinion’, has the potential
to be useful for automated quality control, and/or to reduce the clinical
subjectivity. This is of particular interest for clinical trials, where rater
bias or rater drift can negatively impact on the quality of data collection
and trial outcomes [25-27].

We propose a novel approach to estimate scores of the MDS-UPDRS
item 3.9 ‘arising from chair’, in patients with PD, using a computer
vision-based method requiring only a single monocular video. This can
be recorded using the camera of a consumer smartphone or tablet in
standard clinical settings. Our approach provides the opportunity for
automated quality control and could potentially be used for remote
home assessment for patients with PD in clinical trials or for routine
clinical follow-up.

2. Methods

Our end-to-end pipeline of the system is shown in Fig. 1; the inputs
are videos and UPDRS ratings from clinics (Section 2.1), which feed into
a pipeline consisting of keypoint detection (Section 2.2), time-series
signal extraction (Section 2.3), feature selection (Section 2.4) and
finally the classification model (Section 2.5) which outputs estimates of
UPDRS ratings (Section 3.2).

2.1. Data

Videos were recorded using the KELVIN-PD™ mobile application
and then collected on the KELVIN-PD™ motor assessment platform
developed by Machine Medicine Technologies [23,28]. Data was
collected by experienced nurses, neurologists and researchers, per-
forming UPDRS assessments of PD patients, at the five largest sites
currently using this platform (see Table 2). These patients ranged across
the spectrum of severity of PD, as indicated by variation in “UPDRS
part-3” score (which is the sum of the clinician ratings for all 18 items of
the motor examination section of the MDS-UPDRS). The patient pop-
ulations of different sites were broadly similar in severity, as indicated
by having the same median Hoehn and Yahr stage [29] (another system
for measuring PD progression).

Here we focused on 447 consecutive video recordings of UPDRS item
3.9 assessments (arising from chair) [7]. No manual selection of videos
took place; therefore the data accurately reflects the current state of
clinical data routinely collected at these institutions.

Assessors rated patients’ performance with a severity of “normal”
(rating 0, n = 299), “slightly impaired” (rating 1, n = 117), “mildly
impaired” (rating 2, n = 15), “moderately impaired” (rating 3, n = 7), or
“severely impaired” (rating 4, n = 9) (see Fig. 2 and see Table 1 for the
description of each rating).

Video clips were labelled manually (Y.P.), which included

MDS-UPDRS instructions to assessors for rating item 3.9 (arising from chair). The features in section 2.4 were designed to capture the characteristics mentioned in these

instructions.

Instructions to examiner: Have the patient sit in a straight-backed chair with arms, with both feet on the floor and sitting back in the chair (if the patient is not too
short). Ask the patient to cross his/her arms across the chest and then to stand up. If the patient is not successful, repeat this attempt a maximum up to two more times.
If still unsuccessful, allow the patient to move forward in the chair to arise with arms folded across the chest. Allow only one attempt in this situation. If unsuccessful,
allow the patient to push off using his/her hands on the arms of the chair. Allow a maximum of three trials of pushing off. If still not successful, assist the patient to arise.

After the patient stands up, observe the posture for item 3.13.

Rating Description

0: Normal No problems. Able to arise quickly without hesitation.

1: Slight Arising is slower than normal; or may need more than one attempt; or may need to move forward in the chair to arise. No need to use the arms of the chair.
2: Mild Pushes self up from arms of chair without difficulty.

3: Moderate Needs to push off, but tends to fall back; or may have to try more than one time using arms of chair, but can get up without help.

4: Severe Unable to arise without help.
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identifying the frames during which the sitting to standing action was
being attempted, and labelling whether or not the patient used their
hands to help push themselves up during the action (which would then
give them a score of 2 or higher). From inspecting the videos it was noted
that for 147 of the 447 examinations the patient was sat on a chair that
did not have arm rests. The MDS-UPDRS instructions state the chair used
by the patient should have arm rests (see Table 1), however we chose to
include all 447 examinations in our dataset because this reflects how
examinations are being conducted in practice.

2.2. Body keypoints

Pose estimation data, consisting of 25 keypoints per frame, were
extracted from video using version 1.3 of OpenPose, deep-learning
system for identifying 2D-keypoints of persons within an image [31]
(see Fig. 3). It is one of the most widely used and tested markerless pose
estimation systems available, the OpenPose Github repository has been
forked over 6000 times and has dozens of contributors [32].

OpenPose was chosen because of its robust approach to multi-person
keypoint detection, which utilises a two-branch multi-stage Convolu-
tional Neural Network; one branch provides confidence maps in order to
identify body parts, while the other branch provides affinity fields in
order to link body parts of individuals. Reliable multi-person detection is
necessary for our application given that both the patient and clinician
may appear in UPDRS examination videos, for instance when a patient
with a more severe condition requires assistance in moving. The output
given by OpenPose allows us to consistently isolate the patient, such that
the clinician’s movements do not interfere with our system.

2.3. Signals

The keypoint coordinates estimated for each frame were used to
construct two time-series signals for each video intended to capture the
key movements of the patient during the arising from chair action. These
signals are defined below using the following notation. P; is the 2D
positional vector of the ith keypoint. H is the estimated standing height
of the patient (see Height Estimation Supplement). P;; denotes the
midpoint between the ith and jth keypoints.

The normalised distance of the body (Dpody) measures the Euclidean
distance between the nose and the midpoint of the two ankles (Fig. 4)
defined as:

‘Po P
H

(€Y

Dbody =

As the patient stands up, the value of Dy.qy increases. If a patient can
fully stand up, then we would expect the value of Dy,qy to be close to 1.

The ratio of the distance of the hands (Dnanq) measures the Euclidean
distance between the two wrists divided by the Euclidean distance be-
tween the shoulders (Fig. 4), defined as:
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Table 2
Summary of data collection sites.
Collection Site Number of Arising UPDRS part- Hoehn &
From Chair 3: Mean Yahr stage:
examinations (SD) Median

The National Hospital for 253 29.9 (18.7) 2
Neurology and
Neurosurgery

Dementia Research 94 18.5(11.9) 2
Centre, University
College London

Neuroscience Research 69 33.8 (17.0) 2
Centre, St. George’s
Hospital London

Baylor College of 21 35.1(12.9) 2
Medicine

Starr Lab, University of 10 41.5 (21.2) 2
California San
Francisco

67 %

2: Mild 3: Moderate 4: Severe
(n=15) (n=7) (n=9)

0: Normal
(n=299)

1: Slight
(n=117)

Fig. 2. Distribution of MDS-UPDRS ratings for item 3.9 (Arising From Chair).

The data is highly imbalanced reflecting the distribution of ratings encountered
in the clinic [30].

‘P4 P,
Dpang = — 2)
P2 Py

The larger this ratio, the more likely it is that the patient used their
hands to assist themselves during the movement. Patients who do not
use their hands to assist themselves have their hands placed on the chest,
such that they are much closer together compared to if the hands are
placed on the arms of the chair.

15| T OI PIPELINE _ .. \
I

' : : I I ~ |
: [ Video files 1 | Markerless 2D pose Time Time | !
: : ] pose =P estimation series = | series |,
: [ Clinical UPDRS ratings estimation keypoints extractor signals ) :
! 1
__________________ 1 l I
|

OUTPUT | |
_________________ f |

: — : | | Ordinal ranfiom Feature Feature !
i UPDRS estimations 4—:—:— forest classifier vector extractor |
1 1 | I

Fig. 1. Overview of the end-to-end system.
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Fig. 3. The 25 body keypoints from OpenPose [31]. For each frame of a video
the data consisted of the positional coordinates of 25 keypoints of the body, of
which seven keypoints were relevant to this analysis (nose = 0, left shoulder =
5, right shoulder = 2, left wrist = 7, right wrist = 4, left ankle = 14, right ankle
=11).

2.4. Feature extraction

From the two signals described in Section 2.3, four features were
extracted, intended to capture key characteristics of the examination
listed in the MDS-UPDRS manual (Table 1). Three numerical features
were extracted from Dyp,qy, and one binary feature was extracted from
Dhang (see Table 3).

oy is the standard deviation of the velocity, where velocity is the
absolute first difference of the Dpoq, defined as:

<V = ‘diH - dil 3

forie {0, ...,n — 1}, where d; is the value of Dp.qy at the iy, frame, and n is
the total number of frames of the video.

This feature corresponds to the parts of the manual which states
patients who score a 1 “may need more than one attempt” and those who
score a 3 “may have to try more than one time using the arms of the
chair”. ¢, indirectly measures number of attempts, because the more
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attempts a patient makes, the higher the proportion of the video they
spend sat down between attempts, and hence the less the variation in the
velocity.

The body distance percentage change (C) denotes the difference in
the 0.99 quantile (qo.99) and 0.01 quantile (qo.o1) of Dpogy divided by the
0.01 quantile of Dpogy. The feature is defined as:

C= q0.99 — 4o.01 4
qo.01

The quantiles were chosen instead of the minimum/maximum to
account for possible noise in the pose estimation, which can create an
artificial spike in the Dy,qy signal. Because videos are recorded in clinical
settings, such noise can occur due to poor lighting, shaking cameras,
crowded background or other non-optimal conditions. This feature re-
lates to the part of the manual which states patients should be “sitting
back in the chair” while attempting to stand. From observing the videos
in the data set we found that in general patients who were unable to
stand while “sitting back” would lean forward before attempting to
stand again, because leaning forward helps balance while standing. A
larger value of C indicates that the patient had to lean forward before
attempting to stand. However, it is also the case that videos of severe
patients who were unable to fully stand, would have a small value of C.
As such C is not a simple linear feature but rather one that must be
considered within the context of the other feature values, hence why we
use a non-linear model framework.

The percentage jerk is the median of the jerk divided by the accel-
eration, defined as:

J = median L 5)

This feature relates to the part of the manual which states a patient
should score a 0 if they are able to “arise quickly without hesitation”. J
indirectly measures this. Smooth signals have low jerk, where as high
jerk indicates a lack of smoothness which in this context indicates the
patient hesitated made while attempting to stand.

The binary feature (U) indicates if the patient used their hands to
push themselves up from the chair. This corresponds to the part of the
manual which instructs assessors to score the patient a 2 or higher if the
patient “pushes self up from the arms of the chair”.

U is computed using a logistic regression model with two classes; 1
indicates the hands were used, 0 otherwise. This model has a single
input, the 0.75 quantile of the Dp,nq signal.

U uses the 0.75 quantile because a patient will only attempt to stand
while using their hands after making several failed attempts without use
of the hands. Therefore it is often the case that a patient will have their
hands on their chest for the majority of a video, even for examinations
where the patient ultimately places their hands on the arms of the chair.
Using a quantile of 0.25 or 0.5 would mean measuring a part of the video
corresponding to a failed attempt where the patient is not using their
hands. Using a higher quantile, such as 0.95, would introduce the pos-
sibility of measuring noise in the pose estimation which can occur due to
non-optimal video recordings (e.g. poor lighting conditions or a shaking
camera).

2.5. Ordinal random forest classifier

The UPDRS consists of 5 discrete values, making regression ap-
proaches non-ideal as they are designed for estimating continuous var-
iables. During development we found that regression models provided
unsatisfactory results as they would over-predict scores of 1 (because by
doing this the model minimises its loss function, the mean squared error
of predictions, to the detriment prediction variance).

Most traditional categorical classification approaches are also non-
ideal as they do not consider the ordering of categories. However
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a) Video b) Features
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¢) Time series signals

200 300 400 700

Frame Number

500 600

Fig. 4. A schematic example of the signal extraction process from a video of a patient arising from his chair. (a) A cropped example frame of a video. (b) Extracted
keypoints (top: nose and midpoint between ankles, bottom: wrists and shoulders) and distances between them of the frame shown in (a). (c) Signals are extracted

across all frames of the video segment.

0.0200 144 >
0.0175 1.2 e
. . .
0.0150 . .
? [ ]
0.0125 ﬁ:' :
& 0.0100 . .
L]
0.0075
§ v : 2
0.0050 . % ¢
L ]
:’ - ' L]
0.0025 socaer oee cogse «:
0.0000 i . : . . " . ; ; .
0 1 2 3 4 1 2 3 4
Clinical UPDRS
1.0 4 o
0.8
0.6
s |
0.4
0.2 1
. 0.0 .
0 1 2 3 a 0 1 2 3 2
Clinical UPDRS Clinical UPDRS

Fig. 5. Distribution of each of the four features by clinical UPDRS rating. The three continuous features are all significantly correlated (p < 0.01) with clinical UPDRS

ratings. The Pearson’s r between oy, C, J and UPDRS are —0.590, 0.133 and 0.315,
and UPDRS > 1.

respectively. The categorical feature, U, discriminated well between UPDRS < 1
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Table 3
Features used by the classification model.
Symbol Description
‘V Standard deviation of the Dpqy signal
C The proportional increase in the Djoqy signal
J Percentage jerk of the Dy,qy signal
18] Boolean indicating if hands were used to assist when standing

UPDRS ratings are ordered, i.e. the similarity between 0 and 1, is greater
than the similarity between 0 and 2.

Hence we chose to estimate MDS-UPDRS ratings using an ordinal
classification approach, which does consider how classes are ordered.
For this work we used an ordinal classification implementation that
combines multiple base classifiers, each performing binary classifica-
tion, that when combined can make ordinal classification [33].

Under this ordinal classifier system, n — 1 separate base classifiers
are trained, where n is the number of classes. These n — 1 classifiers are
trained distinguish consecutive classes. This system is advantageous
over other ordinal classification implementations because each of the n
— 1 classifiers have their own set of parameters, allowing us to examine
how feature importance varies between them (see Fig. 7).

In our context there are five classes (UPDRS score = 0, 1, 2, 3 or 4),
which means four base classifiers were trained; 0 vs 1-4, 0-1 vs 2-4, 0-2
vs 3-4, and 0-3 vs 4. This allows us to see how, for instance, one feature
may be more important for distinguishing 0 vs 1-4, than it is for dis-
tinguishing 0-1 vs 2-4.

We chose to use the random forest classifier class® from the Python
library Scikit-learn [34] as the base classifier. This classifier trains an
ensemble of decision trees, each of which uses a different bootstrapped
subset of the original dataset and a randomly selected subset of features
at each node of the tree, with the final random forest prediction being
the result of majority voting by all the decision trees. Each random forest
classifier took the same four features as inputs (see Section 2.4). Random
forests were chosen because successive nodes of decision trees are able
to approximate complex interactions between features. While the
ensemble of trees, and randomising the set of features considered at each
node, makes the forests robustness to over-fitting. Additionally, the Gini
importance of each feature can be easily computed, based upon how
much each feature contributes to the reduction of the Gini impurity
[35].

Random forests were chosen because successive nodes of decision
trees are able to approximate complex interactions between features,
while the ensemble of trees makes the forests robustness to over-fitting;
also using random set of features for each tree makes the trees uncor-
related from each other.

2.6. Model performance measurement

Model performance was measured using estimates made by leave-
one-out cross validation. Model estimates were summarised using a
confusion matrix, and judged using accuracy and accuracy(+1). We used
the accuracy(41) metric, which was defined as the proportion of esti-
mates for which the absolute residuals were one or less, in addition to
the ordinary accuracy score, because it is not uncommon for clinicians to
diverge from one another by 1 UPDRS point [24].

In addition, we summarised model estimates by the binary confusion
matrix, for which we grouped together all Parkinsonian ratings (1-4)
and denoted this the ‘positive’ class, while we denoted the non-

2 The RandomForestClassifier used default hyper-parameters except for n_
estimators = 200, max_features = ‘sqrt’, max_depth = 6, min_samples_leaf = 3
— which are the default hyper-parameters used for all RandomForestClassifier
models at Machine Medicine Technologies.

Intelligence-Based Medicine xxx (xxxx) xxx

Parkinsonian rating (0) the ‘negative’ class. Primary metrics of interest
were accuracy, sensitivity (the proportion of positives correctly identi-
fied), and specificity (the proportion of negatives correctly identified).

3. Results
3.1. Features

The feature U captured whether a patient used their hands to push up
from the chair with an accuracy score of 99.6% (see Table 4). Two
videos were misclassified. In the first video the patient was incorrectly
classified as using their hands. The video was labelled as patient not
using their hands, even though they put theirs hands on the legs and it is
unclear if the patient pushed up from the legs.

In the second video the patient was incorrectly classified as not using
their hands. The patient stood up without crossing their hands across the
chest, but lifted the arm to the chest level, and pointed the forearm to the
front with a 90° angle of the elbow. Our model incorrectly interpreted
this movement as the using of hands.

Fig. 5 shows how each of the four features are distributed, condi-
tional upon UPDRS rating. The far left plot shows that o, is lower for
higher scoring patients, the inner left plot shows that C does not have a
clear linear relationship with score, the inner right plot shows that J
increases with score, and the far right plot shows that U tends to be 1 for
UPDRS scores of 2 and higher.

In the far right plot three “outliers” are evident. For the first outlier
the patient did not use their hands to assist while standing up, and U was
correctly estimated as 0. However, the clinician UPDRS rating was 3,
which appears to not follow the MDS-UPDRS instructions (Table 1),
which state that a rating of more than 1 should only be given if the
patient needed to use their hands [7].

For the second outlier, the patient used their hands for assistance,
and U was correctly estimated as 1. However the clinician UPDRS rating
was 1, which again appears to not follow the MDS-UPDRS instructions
completely as it states that ratings of 0 or 1 should only be given if there
was “No need to use the arms of the chair” [7]. For the final outlier, the
patient did not use their hands for assistance, and U was misclassified as
1.

These features were designed to estimate MDS-UPDRS item 3.9
scores, however each of the three continuous features also correlate
significantly (p < 0.01) with the total MDS-UPDRS part-3 score of pa-
tients. The Pearson’s r between o, C, J and UPDRS are —0.475, 0.122
and 0.289, respectively. Fig. 6 shows the distribution of ¢, in relation to
total MDS-UPDRS part-3.

3.2. Model performance

Fig. 7 shows the feature importance for each of the four random
forest classifiers, which make up the ordinal classifier system.

The importance of features vary by classifier in the way we expect,
given the MDS-UPDRS instructions (see Table 1). Patients can only score
0-1 if they do not use their hands, hence U is most important for the
{0,1} vs {2,3,4} classifier. Patients can only score a O if there are no
hesitations, hence J has relatively high importance for the {0} vs
{1,2,3,4} classifier. Generally speaking, the more attempts a patient
makes to stand, the higher their score will be, hence o, is an important
feature for every classifier. C picks up subtle differences that are

Table 4
The confusion matrix for U classifier.
Estimate
False True Total
Ground Truth False 414 1 415
True 1 31 32
Total 415 32 447
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0.0200 Table 6
— 2 The binary confusion matrix for UPDRS estimates.
Estimate
0.0150 s
Negative Positive Total
0.0125
o Impairment Detected Negative 270 29 299
© 0.0100 4 Positive 55 93 148
Total 325 122 447
0.0075
0.0050
0.0025 A Table 7
Classification metrics broken down by class.
0.0000 . . - . .
0 20 40 60 80 100 Class Accuracy Accuracy(+1)
Total UPDRS part-3 score
Sensitivity Specificity Sensitivity Specificity
Fig. 6. The comparison of ¢, against total MDS-UPDRS part-3 score showed 0: Normal 90.3% 62.8% 99.5% 96.8%
significant correlation (Pearsons’s r = —0.475, p < 0.01, n = 447). 1: Slight 51.3% 91.0% 99.8% 62.5%
2: Mild 93.3% 98.4% 59.7% 90.35%
3: Moderate 14.3% 99.8% 96.8% 99.5%
4: Severe 88.9% 99.8% 62.5% 99.8%
_ {0} vs {1,2,3.4} 0.23 0.18 Giéa Class average 67.6% 90.3% 83.7% 89.8%
5 :
=
G . .
i 4. Discussion
O {0,1} vs {2,3,4} 0.04 0.02 0.45
-
4 4.1. Outliers
—_
e - 0.30
g {0.1,2} vs {3,4} 1 0.11 0.09 The two examples for which the absolute differences between esti-
-§ mated and clinical UPDRS scores were greater than 1 (Table 5) were
] - 0-15 examined in more detail.
{0,1,2,3} vs {4} - 0.15 0.05 In the first of these cases, the patient was rated 3 by the clinician but
0.00 estimated 1 by the model. In this case the patient was able to stand up
; ‘ -0.
U o, C ] within three attempts, and did not have to push up on the chair using

Fig. 7. The feature importance for each of the random forest classifiers (of
which there are four used within the ordinal classifier, as explained in Section
2.5). The feature importance changes with classifier, in broadly the way we
would expect from examining the MDS-UPDRS instructions (see Table 1).

important both for the {0} vs {1,2,3,4} classifier (whether the patient
has to lean forward slightly to successfully stand) and the {0,1,2,3} vs
{4} classifier (patients who require help to stand will generally not be
able to stand fully upright).

The confusion matrix of the model estimates (Table 5) shows the
accuracy was 0.790, while the errors were less than or equal to one for all
but two videos, which are discussed in more detail below.

Table 6 shows the binary confusion matrix, for which the accuracy
was 0.812, with sensitivity of 0.628, and specificity of 0.903. The sensi-
tivity and specificity for each class of the model are shown in Table 7 (note
these metrics for class UPDRS = 0 are equivalent the binary metrics).

Table 5
The confusion matrix for UPDRS estimates.
Estimated UPDRS

0 1 2 3 4

0 270 29 0 0 0

1 55 60 2 0 0

Clinical UPDRS 2 0 14 1 0
3 0 1 1 1

4 0 1 0 8

their hands to assist them during the standing. We believe that in this
case the model estimate bears a closer resemblance to the UPDRS in-
structions which state that for a rating 1 to be given if there was “No
need to use the arms of the chair” [7].

In the second case the patient was rated 4 by the clinician but esti-
mated 2 by the model. In this case the patient could stand up without the
help of the clinician. Again we believe that in this case the model esti-
mate bears a closer resemblance to the official UPDRS instructions
which state that for a rating of 4 the patient should be “Unable to arise
without help” [7].

We showed six videos, including these two outliers, to two senior
neurologists® and asked for their expert opinion. Among those six
videos, the two neurologists disagreed with the clinician ratings in four
cases, which included the two outliers, and provided re-ratings. For each
of the four videos where there was a disagreement, the score of the
neurologists’ re-rating was within one of the original rating, which is in
line with the expectation that UPDRS ratings by assessors can commonly
differ by one [24]. Table 8 displays these re-ratings alongside the orig-
inal ratings for the two outliers.

These re-rated scores for the two outliers were now within one of the
model estimated UPDRS. Table 9 shows the metrics values before and

Table 8
UPDRS rating and re-rating for outliers.
Original rating Re-rating
Outlier 1 3 1
Outlier 2 4 3

3 Prof Patricia Limousin, UCL Queen Square Institute of Neurology. Prof
Thomas Foltynie, UCL Queen Square Institute of Neurology.
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Table 9
UPDRS estimate metrics before and after outlier re-ratings.
accuracy accuracy(+1)
Before re-rating 0.790 0.996
After re-rating 0.792 1

after the re-rating of the outliers.
4.2. Limitations

The model estimates agreed with clinician ratings in 79.2% of cases.
Most disagreements (roughly 9 in 10) arose because the model had
difficulties distinguishing between normal (UPDRS = 0) and slight
impairment (UPDRS = 1). We also note our result may be less robust to
the severe end of the PD spectrum, given the dataset contains a relatively
small number of patients with UPDRS ratings of 3 or 4.

Our 2D vision-based analysis relied on 2D pose estimation. However,
some potential PD biomarkers are difficult to extract from 2D informa-
tion, such as arm stability.

Another limitation of our method is that the estimates are only made
after first manually labelling the section of the video in which the arising
from chair action is being carried out.

4.3. Further work

Further work will extend the system such that it automatically de-
tects the relevant section of the video, using an algorithm that analyses
the Dpogy time-series, thus removing the need for a manual labelling
step.

We could also seek to improve performance by adding additional
features to the model, such as a count of the number of attempts before
the patient could stand up. Additionally, different modelling method-
ologies could be investigated, such as alternative ordinal classification
frameworks.

Recent advances in 3D pose estimation have been applied to Gait
analysis [36,37], and could similarly be applied to arising from chair.
Thus, further work could make use of 3D pose estimation from monoc-
ular images [38,39], which would allow these biomarkers to be
extracted with greater accuracy. Additionally we note that continued
advancements, such as LiDAR or Time of Flight technologies being in-
tegrated with modern consumer mobile device cameras, will improve
the accuracy of 3D estimation techniques and make 3D pose estimation
solutions more readily deployable.

5. Conclusions

We demonstrate a computer vision-based method to automatically
assess the severity of PD in patients, as it pertains to the arising from
chair activity. The UPDRS ratings estimated by this system are shown to
be within one of ratings made by trained clinicians in all cases, and agree
exactly in 79.2% of cases. Our system could robustly analyse sitting to
standing using a set of data that contained 447 videos of patients from
five clinical sites compared to previous studies involving less than 50
patients [9-11,40].

The system used an ordinal random forest classifier with four fea-
tures extracted from two time-series signals. These features captured the
key characteristics listed in the MDS-UPDRS manual for the arising from
chair examination; speed variation, smoothness, if patients used their
hands, and how much a patient leaned forward while sitting down and
how erect a patient could stand. This means the results of our system are
highly interpretable, particularly when compared to “black box” systems
such as convolutional or recurrent neural nets.

This approach has the potential to be used for quality control and
prevention of human error by identifying unusual clinician ratings. We
exemplified this by examining two cases for which the difference

Intelligence-Based Medicine xxx (xxxx) xxx

between model and clinician rating was greater than one. When pre-
sented to senior neurologists, both cases were determined to have been
given incorrect ratings by the original assessors. This demonstrates the
potential of this system to automatically find potentially unreliable
ratings which may require secondary review by experts.

Remote assessment could benefit patients by reducing the time and
cost required to attend appointments [41] and also enable remote
assessment as outcome measures in clinical trials, which is of particular
importance for severely disabled patients who may have difficulties
travelling to and from the clinic. The accuracy of automated
computer-vision based remote assessment is affected by the quality of
data collected, which can be negatively impacted by factors such as poor
lighting, camera instability and crowded backgrounds. However, these
factors can be minimised with clear and standardised set up instructions.

Use of a smartphone for remote assessment has gained a lot of
attention recently [18,42,43], and most of the PD motor examination
could be performed remotely [44,45]. Arising from chair is an ideal
candidate for home assessment when compared to other MDS-UPDRS
items which measure axial impairment, such as gait (which requires a
long hallway) or postural stability (which requires the assistance of an
additional person). We found that our model features correlate signifi-
cantly with overall disease severity, as measured by total UPDRS part-3
score. This indicates that our tool can not only be used to monitor ability
to perform the arising from chair action, but could also be used to track
general disease progression.

In conclusion, we show that the ability of PD patients to perform the
arising from chair action can be measured accurately using singular
monocular video, recorded using widely available consumer mobile
devices, in normal clinical settings. This opens the door to such a system
being used routinely for clinical assessments and as outcome measures
in clinical trials, either locally or remotely.

6. Summary table
What is already known:

e The ability to arise from a sitting to a standing position is often
impaired in Parkinson’s disease (PD). This impairment is associated
with an increased risk of falling, and higher risk of dementia.

e The most common way to assess arising from chair in PD patients is
the Movement Disorder Society sponsored Unified PD Rating Scale
(MDS-UPDRS). These MDS-UPDRS scores are subjective in character,
with assessors opinion often differing by 1 point, making quality
control hard to achieve.

What this study has added:

e An approach to estimating MDS-UPDRS scores using only video
data collected using widely available consumer mobile technology,
such as smartphones or tablets.

e Automated analysis of these videos, using 2D pose estimation, can
robustly estimate disease severity, with estimated scores being
within 1 of those assigned by trained assessors in every instance.

e The system is a good candidate for routine in office use or for
remote home assessment of patients.
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