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Abstract

Introduction: Technology holds the potential to track
disease progression and response to neuroprotective
therapies in Parkinson’s disease (PD). The sit-to-stand
(STS) transition is a frequently occurring event which is
important to people with PD. The aim of this study was to
demonstrate an automatic approach to quantify STS
duration and speed using a real-world free-living dataset
and look at clinical correlations of the outcomes, includ-
ing whether STS parameters change when someone with-
holds PD medications. Methods: Eighty-five hours of
video data were collected from 24 participants staying
in pairs for 5-day periods in a naturalistic setting. Skeleton
joints were extracted from the video data; the head
trajectory was estimated and used to estimate the STS
parameters of duration and speed. Results: 3.14 STS

transitions were seen per hour per person on average.
Significant correlations were seen between automatic
and manual STS duration (Pearson rho − 0.419, p =
0.042) and between automatic STS speed and manual
STS duration (Pearson rho − 0.780, p < 0.001). Significant
and strong correlations were seen between the gold-
standard clinical rating scale scores and both STS dura-
tion and STS speed; these correlations were not seen in
the STS transitions when the participants were carrying
something in their hand(s). Significant differences were
seen at the cohort level between control and PD partic-
ipants’ ON medications’ STS duration (U = 6,263, p =
0.018) and speed (U = 9,965, p < 0.001). At an individual
level, only two participants with PD became significantly
slower to STS when they were OFF medications; with-
holding medications did not significantly change STS
duration at an individual level in any participant.
Conclusion: We demonstrate a novel approach to auto-
matically quantify and ecologically validate two STS pa-
rameters which correlate with gold-standard clinical tools
measuring disease severity in PD.
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Introduction

Currently, there are no licensed disease-modifying
therapies (DMT) for Parkinson’s disease (PD) because
PD progression measurement in clinical trials uses in-
frequent snapshot subjective [1] clinical rating scales,
meaning there is insufficient power to see disease slowing
against placebo [2]. An unmet need in DMT clinical trials
is having biomarkers of disease progression which are
objective, reproducible, reliable, ecologically valid from
real-world data, affordable, and scalable to large popu-
lations of patients [3, 4].

Digital biomarkers show promise for the objective and
frequent measurement of symptoms in PD, and in par-
ticular, the speed and flexibility of movements, including
sit-to-stand (STS) speed, have been identified as being
highly useful to the assessment of disease progression in
PD [5]. STS transitions are altered in PD compared to
healthy controls with longer transition times [6] and
issues with the speed of torque production [7]. Previous
work has indicated that STS ascent speed is minimally
affected by whether someone is dual-tasking [8] (e.g.,
holding something in their hand while standing up);
however, other work suggests that dual-tasking alters a
number of gait and mobility parameters in PD [9, 10]. No
work has explored how dual-tasking changes STS param-
eters from real-world free-living data.

A continuously collected in-home digital biomarker
could overcome the issues of symptoms changing in front
of a clinician [11] and during clinical assessments [12].
Single wearables [13] and smartphones [14] have been
used to quantify STS parameters, but difficulties in algo-
rithm accuracy with dyskinesia [15] and in differentiating
the ON versus OFF medication state [16] have been
noted. They are also limited to evaluating the movement
from the body location they are attached to. Multiple
inertial motor units have been used to detect STS and
quantify angular velocities of hip, knee, and ankle during
STS [17]. However, the use of multiple wearables longi-
tudinally in real-world settings has issues relating to
acceptability [18] and usability [19].

Video data could capture posture, gait, and movement
of all limbs, overcoming issues experienced by wearable/
app developers. PD patients have positive perceptions
about video at home if the type of data collected was
shown to the participants beforehand and no audio was
collected [20]. The participants of this study quickly
acclimatized to the cameras in communal rooms [21].
Any privacy concerns could be tackled by video data
being processed to minimize such risks to participants
[22, 23, 24]. STS transitions have been detected from

laboratory data [25, 26] and in home [27] settings using
video data from structured and observed activities, but no
free-living (unstructured naturalistic behaviour) STS pa-
rameter quantification from real-world video data has
been attempted in PD. In the laboratory, video data can
predict two sub-scores of the UPDRS (bradykinesia and
postural instability gait disturbance) with better results
than two clinician video raters [28], indicating the po-
tential of cameras passively tracking STS transitions in
PD to produce useful endpoints with which to measure
disease progression.

To date, there are no truly free-living in-home video
datasets in PD without researcher presence. Furthermore,
this is the first work to develop and test an automatic
approach to quantification of STS parameters (duration
and speed) using video data in PD in any setting. Finally,
to the best of the authors’ knowledge, this is the first work
which looks to understand whether real-world duration
of STS and speed of STS ascent could be used as potential
digital biomarkers of PD progression. These parameters
were carefully chosen for this work due to their promise
as digital biomarkers [5], the availability of human rater
ground truth (STS duration), and the validated algo-
rithms developed already by our group which could
then be applied to PD (STS speed) [8].

The objectives of this study are firstly to describe and
test a computational approach to automatically quantify
how someone gets up to stand from a seated position. The
second objective is to explore whether the STS transition
duration and speed from free-living real-world data could
be used (a) to assess PD severity, (b) to distinguish
between a PD patient’s ON and OFF medication states,
and (c) to distinguish between PD and control.

Methods

Participants
Twenty-four participants were recruited, 12 of whom had a

clinical diagnosis of PD according to the UK Brain Bank Criteria
with a Modified Hoehn and Yahr Scale score of 3 or less in the
practically defined OFF medication state. Exclusion criteria in-
cluded the presence of (other) neurodegenerative or significant
musculoskeletal diseases in any participant.

Data Collection
The participants stayed in a two-storey instrumented “test-

bed” house in pairs (a PD participant and a healthy control
spouse/friend/family member) for five days/four nights con-
tinuously, during which time they largely lived freely, apart
from two researcher visits to the setting to conduct clinical
assessments [29]. PD participants withheld their long-acting
dopaminergic medication for 24 h and short-acting agents for
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12 h before (participants with deep brain stimulators switched
stimulation off 1 h prior) the practically defined OFF data
capture which lasted between 2- and 4-h mid-study. Wall-
mounted video cameras in the kitchen, hall, dining, and living
rooms recorded video for around 2 h a day at varying times
based on participant preference. Each camera recorded around
8 h of footage, of which around 2 h were OFF medications for
the PD participant. Resolution was 640 × 480 pixels with
30 frames/s.

Automatic Detection and Quantification Methodology
Videos were first analysed using OpenPose software [24] to

detect human bodies and extract their skeleton joints in 15-second
video-clips trimmed around each STS transition (first row of
Fig. 1). The evolution in time of the head, or head trajectory,
was estimated by averaging the vertical components of the five
joints that compose the head plus the three joints that form the
shoulders. The so-defined head trajectory was then used to esti-
mate the STS parameters after being smoothened with a Savitzky-
Golay filter [30] (a digital filter that can be applied to a set of digital
datapoints for the purpose of smoothing the data; second row of
Fig. 1). Two STS parameters were quantified: firstly, the speed of
ascent (SOA) was evaluated similarly to our previous work [8] by
looking at the maximum derivative of the head trajectory within
each video clip; secondly, we estimated the STS “final attempt
duration.” This process follows the previous estimation of the
speed of ascent and the moment in time, namely tSOA, at which the
measure is detected. Once tSOA is found, we identify the closest
local minimum (when the person’s head is at its lowest point in the

video frame) before tSOA, the closest the local maximum (highest
point someone reaches in the frame after standing up) after tSOA,
and then we evaluate the time elapsed between the two points. The
latter are easily identified in Figure 1 (third row) by looking at the
points where the derivative of the head trajectory crosses the
zero line.

It is important to note that the STS final attempt duration
detected in this way only considers the time elapsed from when the
person starts moving upwards until the movement is terminated;
therefore, in case the participants require several attempts at
standing up, only the last attempt will be timed. While this
behaviour can create some large discrepancies with times meas-
ured by clinicians in a laboratory setting (which instead starts
timing from when the participant first moves towards standing
up), this helps improve robustness and consistency of the algo-
rithm in a free-living environment.

Although the analysis performed in this work used the human
rater label timestamps to identify STS episodes, the entire process
(including STS detection) can be fully automated as we showed in
our previous work to detect STS transitions in the real world [8].
The focus of this work is to demonstrate automatic quantification
of STS parameters where detection has already taken place, show
how these automatic parameters correlate with human annota-
tions, and explore clinical correlations.

Implementation Details
An important step in measuring STS parameters is their

conversion to physical measurements. While the STS duration
can be easily converted from frames to seconds, knowing the frame

Fig. 1. Illustration of how the parameters for sit-to-stand were measured for this work.
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rate of the camera, the conversion to STS speed requires additional
processing. In fact, skeleton coordinates are measured in pixels;
therefore, the STS speed is expressed in pixels/s. These values must
be converted into physical quantities (metres/second, m/s) before
different measurements can be compared; otherwise, the STS
speed will depend on the distance of the participant from the
camera. To override this issue without having to perform lengthy
calibration procedures, we simply normalize the STS speed by the
height of the skeleton, in pixels, at the moment they complete the
transition (i.e., zero-crossing point after max peak). This value,
multiplied by the height of the participant in metres, allows us to
estimate the speed of each participant in m/s.

The impact of the filter size for the Savitzky-Golay filter was
also studied. This is defined by the window size and the polynomial
order used to fit the head trajectory data and estimate the
derivatives. In our experiment, we noticed that a smaller window
size is beneficial for estimating STS speed but produces higher
errors in the STS duration, while a larger window size has the
opposite effect. This phenomenon is to be expected since larger
window sizes increase smoothing and promote a reduction of false
positives in the peaks used to estimate the STS duration. However,
higher smoothing also means reduced gradients, which has a
negative impact on the estimation of the STS speed. A compromise
between the two measurements must therefore be made to obtain
optimal STS parameters.

Human-Rater Annotations
The videos were watched post hoc by a number of different

clinician and non-clinician human raters [31]. A widely available
software called ELAN [32] was used. All STS episodes were
identified and labelled (their location in the data was recorded),
producing a start-to-end label of the “whole episode duration,”
from when the person first moved their head forward, indicating
they were about to stand up to when they were fully upright.

All the STS episodes were then rewatched by a clinician rater
(neurology speciality registrar with training in MDS-UPDRS
scoring including evaluation of STS and its subcomponents).
This rater checked and, where they felt necessary (for 5% of the
labels), adjusted the whole episode’s duration labels. They then
provided the “final attempt duration” label in milliseconds, com-
prising their impression of the duration between the lowest point
of the head (start) and when the person was fully upright/the
maximum vertical position of the vertex of the head (end). For the
purposes of this paper, this manually labelled “final attempt
duration” is hereafter called “manual STS duration.” The rater
also noted whether the person was dual-tasking – in this case,
whether they were carrying something in their hand(s) as they
stood up. 10% of the STS episodes were then randomly chosen to
evaluate intra-rater reliability, with this subset scored several
months after the first rating. The intra-rater agreement on labels
was 98% for “final attempt duration.”

Statistical Approach
To investigate the correlations between the gold-standard

clinical rating scales – the Movement Disorders Society-
sponsored revision of the Unified Parkinson’s Disease Rating Scale
(MDS-UPDRS) [2] total score, motor subscore (III), and the
postural instability gait dysfunction (PIGD) sub-score of the
MDS-UPDRS [33] – and the STS parameters (duration and speed),
Pearson or Spearman rank correlation coefficients were used.

Fisher’s r-to-z scores compared correlations from independent
samples and Spearman’s partial correlations used to adjust for age
and height as a potential confounder. To evaluate mean group
difference between PD and control, Wilcoxon signed rank [34]
tests were utilized, and to evaluate the statistical difference in
parameter results between the ON and OFF medication states, the
student paired t test [35] or Mann-Whitney U test [36] (depending
on Shapiro-Wilk test of normality and tests of variance) was used.

The sample size was chosen as a convenience sample for this
pilot study. The aim was to explore the hypothesis that certain
activities such as STS show promise as digital biomarkers through
correlations with gold-standard clinical rating scales and in their
sensitivity to medication response.

Results

Participants
Table 1 shows the demographics for our study partic-

ipants who had mean ages of 61.25 (PD) and 59.25
(control). The male:female sex ratios were 7:5 in the
PD cohort and 3:9 in the control cohort, and years since
PD diagnosis ranged from 0–2 to 18–20 years.

From 85 h of video data, there were 813 STS episodes
seen by the human rater (383 control, 430 PD, of which
148 were OFFmedications). This represents an average of
3.14 STS episodes per hour per person from daytime data.

Manual and Automatic Results Correlations
A significant correlation between the manual and

automatic quantification of STS duration in seconds
(Pearson rho = 0.419, p = 0.042) is shown in Figure 2
(a), where each of the variables is averaged per partic-
ipant. The speed of ascent in metres/s also correlates
strongly with the manual STS duration in seconds (Pear-
son rho = −0.780, p < 0.001), shown in Figure 2 (b). This
negative correlation between speed and duration is ex-
pected since a faster speed of ascent leads to a shorter time
to complete the STS transition. A comparison between
the manual and automatic measurements also allowed us
to calculate a bias and random error for our automatic
STS duration, producing a bias of 0.10 s and a random
error of 0.19 s.

Clinical Relevance of STS Speed and Duration
In Figure 3, we present an analysis where the automatic

and manual measurements are grouped alongside each
other by the medication state in the participant cohorts.
Figure 3 (a) shows a good visual agreement in the spread
of measurements between manual and automatic meas-
urements for both of our participant cohorts. Mean
automatic STS durations for the control group and PD
group ON medications were 1.243 (n = 200) and 1.287 s
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(n = 75), respectively; these two means differed signifi-
cantly (Mann-Whitney U = 6,263, p = 0.018). PD par-
ticipants ONmedications took significantly shorter mean
automatic STS duration than when they were OFF med-
ications (1.704 s), Wilcoxon Z = −1.835, p = 0.034. Mean
automatic STS speed for the control group (0.862 m/s,
n = 200) was significantly faster than the PD group
ON medications (0.754 m/s, n = 75), Mann-Whitney

U = 9,965, p < 0.001. The PD cohort also had signifi-
cantly slower automatic STS speed OFF medications
(0.630 m/s, n = 43) than ON medications, Student t =
2.211, p = 0.016.

We next analysed whether the STS measurements
could be used to differentiate between ON and OFF
medication states in individual participants (Table 2).
Using the automated measures, the speed of STS ascent

Table 1. Cohort-level participant
demographic and clinical rating
scale scores

Participants with PD Control participants

Age, years 61.25 (8.5) 59.25 (13.4)
Men, n % 7 (58) 3 (25)
Years since diagnosis 8.2 (6.5)
Levodopa-equivalent daily

dose, mg
517.5 (395.7)

MDS-UPDRS total score ON = 44.8 (16.1) 6.8 (4.8)
OFF = 61.7 (29.9)

MDS-UPDRS III subscore ON = 19.1 (10.4) 2.8 (1.9)
OFF = 36.8 (23.0)

PIGD subscore ON = 2.8 (1.9) 0.1 (0.3)
OFF = 4.3 (4.8)

Values are means with standard deviation in parentheses unless indicated other-
wise. MDS-UPDRS, Movement Disorders Society-Sponsored Revision of the Unified
Parkinson’s Disease Rating Scale; PIGD, postural instability gait dysfunction.

a b

Fig. 2. Pearson correlations betweenmanual STS duration and (a) automatic STS duration and (b) automatic STS
speed.
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was significantly reduced in two participants (1,028 and
1,034) while OFF medication. None of the participants
showed significant differences in mean automatic STS
duration between the ON and OFF medication states
(the relatively small number of datapoints for individ-
uals will have negatively influenced the statistical
power).

To investigate how the STS automatic parameters
correlate with clinical rating scales, Figure 4 displays
the correlations with the MDS-UPDRS III scores, show-
ing a positive correlation with STS duration (Spearman
rho = 0.464, p = 0.022) and a negative correlation with the
STS speed of ascent (Spearman rho = −0.723, p < 0.001).
This information supports the clinical meaningfulness of
the automatically quantified STS parameters in relation to
the current gold-standard way of measuring disease
severity (and progression) in PD. Of note and supporting
the correlations relating to the automatic parameters,
there is a significant correlation between the manual
STS duration and the gold-standard clinical rating scale
score, theMDS-UPDRS III score ONmedications (Spear-
man rho = 0.746, p = 0.003).

Further correlations are displayed in Table 3 with the
whole dataset of STS labels; these are then split into
subgroups of whether the participants are dual-tasking
or not (and correlation data from all labels). Overall, the

positive correlations between scale scores commonly used
as primary endpoints in clinical trials in PD (MDS-
UPDRS total score, MDS-UPDRS III, and postural in-
stability and gait dysfunction sub-score) and both STS
speed and duration remained after adjusting for age and
height as potential confounders. The only exception to
this was a correlation between automatic STS duration
and the MDS-UPDRS III score (rho = 0.365, p = 0.094)
when it was adjusted for height as well as age. The
difference in participant heights in the PD cohort
(mean = 171 cm) and control cohort (mean = 166 cm)
was not significant (t(22) = −1.578, p = 0.129). The
correlations from the dataset of STS while participants
are dual-tasking do not reach significance, while those
correlations with non-dual-tasking labels remain strong
and significant. For speed, using Fisher’s r-to-z statistical
test, there is a significant difference between carrying
something and not in the correlations with the MDS-
UPDRS total score ON (z = 3.351, p < 0.001), MDS-
UPDRS III ON (z = 3.594, p < 0.001), PIGD score ON (z =
4.969, p < 0.001). For duration, there is also a significant
difference between carrying something and not in the
correlations with the MDS-UPDRS total score ON
(z = −2.658, p = 0.004), MDS-UPDRS III ON
(z = −3.569, p < 0.001), PIGD score ON (z = −1.995,
p = 0.023).

Mean values, respec�vely, for (Control, ON medica�on, OFF medica�on) are:
Automa�c STS dura�on = (1.243, 1.287, 1.704)
Manual STS dura�on = (1.05, 1.31, 1.50)
Automa�c STS speed = (0.862, 0.754, 0.630)

a

b

Fig. 3. Boxplots illustrating the differences
between mean values of STS duration for
control participants compared to PD par-
ticipants’ ON and OFF medications data,
showing automatic and manual label out-
comes (a), and the differences between
mean speed of ascent values between con-
trol participants and PD participants ON
and OFF medications (b).
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Discussion

We present this state-of-the-art approach to automati-
cally quantify how people sit-to-stand at home in PD built
on a truly unique real-world dataset. This work illustrates
novel ways to automatically quantify STS duration and
ascent speed and validates that the two parameters cor-
relate strongly with a human rater’s impressions of STS
duration. Furthermore, the clinical relevance of the STS
transition outcomes is demonstrated through significant
Spearman correlations between the automatic transition
outcomes and the gold-standard clinical rating scales.
Furthermore, there are significant differences in the two
automatic STS parameters between the control cohort
and the PD cohort ON medications (when their symp-
toms should be controlled).

We have collected many (85) hours of videos of
people with PD (and control participants) in a real-
world setting going about their daily living with no
scripts. This video has all been watched and painstak-
ingly annotated (second by second) by human raters.
The amount of video of each participant has enabled
many hundreds of STS transitions to be captured –
producing a rich dataset of this functionally relevant
activity. Since PD is a disease which is different in every
person, this work prioritizes demonstrating and vali-
dating our approach to free-living, showing how people
with PD differ from control participants and capturing
data in PD ON and OFF medications. We believe our
sample size is ample to show proof of concept (with
strong correlations to clinical rating scales, for exam-
ple), and we are sharing our novel approach with

Table 2. Change in mean STS parameters (automatic duration, automatic speed) in individual participants
with PD, comparing the ON with the OFF medication states, with paired samples Student’s t tests p values to
evaluate significance of the difference in STS duration between these two states

Participant ID Years since diagnosis Automatic STS speed mean,
m/s

Automatic STS duration
mean, s

medication status p value medication status p value

ON OFF ON OFF

1010 3–5 0.732 0.778 0.373 1.019 1.215 0.325
n = 15 n = 11 n = 15 n = 11

1012 6–8 0.635 0.566 0.222 1.597 1.281 0.812
n = 29 n = 5 n = 29 n = 5

1021 15–17 0.801 0.387 0.224 1.820 1.210 0.692
n = 13 n = 4 n = 13 n = 4

1023 15–17 0.919 0.923 0.381 1.484 0.813 0.929
n = 12 n = 6 n = 12 n = 6

1026 9–11 0.546 0.768 0.950 1.340 1.000 0.798
n = 17 n = 3 n = 17 n = 3

1028 18–20 0.853 0.367 0.004** 1.604 1.454 0.309
n = 20 n = 9 n = 20 n = 9

1030 0–2 0.827 0.658 0.460 1.343 1.092 0.582
n = 13 n = 5 n = 13 n = 5

1032 0–2 0.765 0.684 0.222 1.180 1.282 0.116
n = 15 n = 4 n = 15 n = 4

1034 0–2 0.656 0.349 0.005** 1.604 1.397 0.626
n = 28 n = 8 n = 28 n = 8

1036 3–5 0.683 0.712 0.602 1.840 1.483 0.664
n = 8 n = 10 n = 8 n = 10

1038 6–8 0.854 0.917 0.351 1.438 1.063 0.696
n = 18 n = 5 n = 18 n = 5

1040 9–11 0.857 0.665 0.083 1.897 1.285 0.885
n = 7 n = 9 n = 7 n = 9

ID, identification; STS, sit-to-stand; n, number of values; s, seconds; m/s, metres/second. Significant
differences highlighted in bold. * p < 0.05; ** p < 0.005; *** p < 0.001.
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other researchers so that they can potentially evaluate
and build upon it. There are very few groups who have
used cameras in real-world settings in PD, and this is
the first such work with unobtrusive ground truth
validation from wall-mounted cameras.

From indoor free-living, each participant did an average
of 3.14 STS transitions per hour. If captured longitudinally,
this could build a rich and informative dataset of how
someone mobilizes at home. For example, if measuring for
16 waking hours per day over 18 months, around 27,500

a b

Fig. 4. Scatter plot illustrating the Spearman correlations between the MDS-UPDRS III scores (from PD
participants ONmedications and control participants) and automatic STS duration (seconds) (a), automatic STS
speed (metres/second) (b).

Table 3. Spearman correlations between automatic STS parameters (speed and duration) and clinical rating scale scores, subdivided
into groups of dual-tasking, not dual-tasking and all labels, adjusted for participant age and height

Variable Test Automatic STS speed correlations Automatic STS duration correlations

dual-tasking not dual-tasking all dual-tasking not dual-tasking all

MDS-UPDRS total score Spearman’s rho −0.465 −0.705*** −0.648*** 0.065 0.506* 0.479*
p value 0.094 <0.001 0.001 0.824 0.016 0.024

MDS-UPDRS III Spearman’s rho −0.381 −0.691*** −0.593** −0.075 0.457* 0.365
p value 0.179 <0.001 0.004 0.798 0.033 0.094

PIGD score Spearman’s rho −0.290 −0.576** −0.496* −0.130 0.488* 0.439*
p value 0.315 0.005 0.019 0.657 0.021 0.041

Results adjusted for participant age and height. MDS-UPDRS, Movement Disorders Society-Sponsored Revision of the Unified
Parkinson’s Disease Rating Scale; MDS-UPDRS III, motor sub-scale part 3 of the MDS-UPDRS; PIGD, postural instability gait
dysfunction (a sub-score of MDS-UPDRS III comprising clinical evaluation of posture, gait, and postural instability); STS, sit-to-stand.
*p < 0.05, **p < 0.01, ***p < 0.001.
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episodes would be captured. Disease progression measure-
ment would be enhanced with frequent such stereotyped
outcomes, supplementing unreliable patient diaries [37] and
the infrequent clinical rating scales used commonly in
clinical trials [38, 39]. A particular strength of this study
is in the ecological validation, through a second-by-second
video labelling approach. The burden of time and resources
to obtain this ground truth needed for algorithm validation
is a challenge in this area [4].

We have shown significant correlations between the
human-rater annotations and the automatically quantified
parameters. The stronger group-level correlations between
manual STS duration and automatic STS speed (compared
to automatic STS duration) indicate that automatically-
derived speed of ascent in STS may have greater ecological
validity in mapping to the clinician-rater ground truth
labels. Neither of the automatic parameters is a like-for-
like comparison with the manual STS duration: the auto-
matic STS duration has variability introduced by the fact
that it evaluates the person’s sternum and/or head move-
ment, whereas the manual approach looks only at the
position of the vertex of the head. When calculating the
speed of ascent, the participant height (which is not factored
into the automatic STS speed quantification) introduces an
additional source of variability.

We have shown that STS transition duration and speed
of ascent can differentiate between PD and control at a
group level in our cohort of participants with early-stage
to moderate PD, giving our approach face validity. Fur-
thermore, there were significant differences between ON
and OFF dopaminergic medication states demonstrated
by both duration and speed of STS at a group level. At an
individual level, two participants showed a significant
slowing in their speed of STS ascent while OFF medi-
cations compared to being ON medications. This indi-
cates an early promise of the automatic parameters to
detect symptom fluctuations relating to dopaminergic
medications in an individual. The lack of difference in
automatic STS mean duration between the ON and OFF
medication states in any participant is interesting and
reflects the need for larger numbers of labels to see
whether this is also true in bigger datasets – especially
since previous reports have indicated that posture and
gait symptoms are relatively refractory to standard dop-
aminergic therapies [40].

Strong correlations were seen between the gold-
standard clinical rating scale used as primary outcome
measures of disease progression in most clinical trials in
PD [41] and both the manually quantified STS duration
and automatically quantified STS duration and speed of
ascent. Although previous correlations between laboratory-

derived STS parameters and the MDS-UPDRS III
scores/PD stage have been shown [5, 42], this is the
first work looking at these correlations from free-living
real-world STS transitions in PD, with adjustment for
age and height increasing the robustness of results. We
did not adjust for participant sex since there is evidence
that it does not alter significantly sit-to-stand outcomes
[43, 44]. We propose that the automatically-derived STS
results could provide a continuous and more granular
output than the clinical rating scales, with larger num-
bers of datapoints that in turn could reduce the time
taken to show the minimum clinically important differ-
ence in clinical trials of therapeutics.

There are many ways in which someone could dual-
task while standing up from sitting. This work showed
that the correlations between STS parameters and clinical
rating scale scores remained significant for the data where
the person was not carrying something, but lost their
significance for the data where the participants were
carrying something. The Fisher’s r-to-z statistic proved
that there was a true difference between the two datasets
(carrying something or not) in terms of their correlation
strength. The number of “carrying something” datapoints
was limited at 54, so this needs further investigation to
explore the change in transition quality resulting from
adding the extra cognitive burden/motor task of carrying
something, including looking at what they were carrying
(hot drink, newspaper, etc.). Furthermore, the STS du-
ration and speed, as measured in this paper, measure the
final component of the transition – other features such as
whether a person shifts forward in the chair, or whether
they take multiple attempts before finally successfully
standing, are not quantified. While the analysis of the
full movement including the aforementioned compo-
nents adds information clinically, their detection does
not translate well into free-living environments, where
variation is added as people may stand up from a variety
of positions (e.g., lying) and while doing other activities
(e.g., picking up something from a table). Therefore, only
looking at the time taken for the final ascent could remove
confounders and noise from the data experienced by
other groups [15] when analysed longitudinally in a single
participant. For future work, developing automatic de-
tection of STS transition subcomponents could add useful
clinical information.

The automatic approach in this paper performed well
in a variety of conditions, indicating high reliability and
robustness. At times, the participants had the lower
halves of their bodies occluded (from the camera) by a
table, for example. Nevertheless, the use of only the head
and shoulder skeleton joints in this approach meant that
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these occlusions did not affect its ability to measure STS
speed or duration. The RGB data were relatively low
resolution (640 × 480 pixels), but since our approach
relies on skeleton data, which were produced satisfacto-
rily from the RGB, it was robust to this moderately low
RGB resolution. The number of frames of RGB data
collected per second varies according to factors such as
the complexity of the image. However, we find that this
does not affect the use of the data for our purposes since
the data collection rate is adequate to capture the char-
acteristics of STS episodes. The camera hardware was
wall-mounted in 4 different rooms, each with different
lighting conditions, e.g., the kitchen had a large skylight
while the hallway had minimal daylight. The data were
also collected both in daylight with curtains open, and in
the evenings/early mornings with curtains shut and room
lights on. The subjects were allowed to walk wherever
they pleased, use any chair, and move the chairs if they
wished. This meant that the STS episodes occurred at
various distances and angles from the cameras. However,
skeleton pose data were successfully extracted, and our
approach was robust to these variations.

There are factors which could influence STS duration
and ascent speed, including the type of chair someone sits in
and the physical room setting (e.g., how narrow the space is
around the chair). If someone does not frequently change
their furniture or room layout, the infinite variety of differ-
ent peoples’ homes should not preclude the aim to repeat-
edly measure specific activities so that one person’s per-
formance can be measured over long periods of time.
However, work is still needed to identify and control for
these sources of variability during mobility assessments for
optimal accuracy in interpretation of results.

A limitation experienced in the development of algo-
rithms used to generate the automatic parameters was the
compromise between optimizing the system to be most
accurate relating to automatic STS speed (e.g., accounting
for when someone not only stood up but also then walked
towards the camera, so appearing to continue moving “up”
in frame even though their STS transition was finished) and
trying not to exclude STS episodes because they did not
conform to the “perfect” easily quantifiable transition. A
further issue encountered was the occlusion of a person in
frame by something/someone else. One way to solve this
problem in future work is using 3D skeletons needing less
calibration and more advanced pose extraction methods
which should reduce the occlusion issue.

Another limitation in this work is sample size (dis-
cussed in methods). Future work towards evaluating
longitudinal disease progression would require large
(more generalizable) datasets stratified for a disease

sub-group (e.g., akinetic-rigid, tremor-dominant), over
long periods of time, comparing changes in neuroimaging
and selected wet biomarkers such as alpha-synuclein
protein [45]. Because participant cohorts are likely to
be more weighted towards sub-clinical and early-stage
disease in clinical trials of putative disease-modifying
agents [4], we propose that future work should include
more participants in these stages of PD. Three of our
participants had had PD more than 15+ years, although
they maintained a H&Y score of 3 in the OFFmedication
state. Their results would not be representative of early-
stage disease.

The cameras we have used are low cost and scalable
to multiple homes over long periods of time [46–48],
and vitally, they are acceptable in free-living for people
with PD [20, 21]. This work shows that an automatic
framework for the quantification of STS duration and
speed of ascent in a free-living environment is possible
and that these two parameters show promise in terms of
predicting disease severity and can differentiate be-
tween medication states in some individuals. These
are good first steps, but regulatory approval for
sensor-derived outcomes is a further hurdle if a new
digital tool is going to be adopted as a primary outcome
measure in clinical trials in PD [4]. Close liaison with
people living with PD, regulators, end-users (including
pharmaceutical companies), and other stakeholders
continues to be necessary moving forward. The end
goal should be to validate a functionally relevant,
patient-centred digital outcome measure which is re-
producible, reliable, and can complement the existing
clinical practices in PD symptom evaluation.
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