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Abstract
Friedreich’s ataxia (FA) is a neurodegenerative disease caused by the epigenetic repression of the Frataxin
gene modulating mitochondrial activity in the brain, which has a diffuse phenotypic impact on patients’
motor behavior. Therefore, with current gold-standard clinical scales, it requires 18–24 month-long
clinical trials to determine if disease-modifying therapies are at all bene�cial. Our high-performance
monitoring approach captures the full-movement kinematics from human subjects using wearable body
sensor networks from a cohort of FA patients during their regular clinical visits. We then use arti�cial
intelligence to convert these movement data using universal behavior �ngerprints into a digital biomarker
of disease state. This enables us to predict two different ‘gold-standard’ clinical scores (SCAFI, SARA)
that serve as primary clinical endpoints. Crucially, by performing gene expression analysis on each
patient their personal Frataxin gene expression levels were poorly, if at all, correlated with their clinical
scores – fundamentally failing to establish a link between disease mechanism (dysregulated gene
expression) and measures to quantify it in the behavioral phenotype. In contrast, our wearable digital
biomarker can accurately predict for each patient their personal FXN gene expression levels,
demonstrating the sensitivity of our approach and the importance of FXN levels in FA. Therefore, our
data-derived biomarker approach can not only cross-sectionally predict disease and their gene expression
levels but also their longitudinal disease trajectory: it is sensitive and accurate enough to detect disease
progression with much fewer subjects or shorter time scales than existing primary endpoints. Our work
demonstrates that data-derived wearable biomarkers have the potential to substantially reduce clinical
trial durations and a �rst in-human demonstration of reconstructing FXN gene expression levels from
behavioral data alone.

Introduction
About 1 in 17 people suffer from rare diseases, and to date 6,000 rare diseases have been identi�ed and
new conditions are being described in the medical literature on a regular basis1,2. The challenge for drug
development and regulatory approval in many rare diseases is their slow progression, and individually
small populations. The clinical scales currently used to quantify the progression of neurodegenerative
diseases in patients are insensitive to the extremely slow progression of such diseases 3,4. This means
that it might take many months before they reveal any change. Additionally, some of their sub-
components have been shown to lack objectivity5,6,7 as they are mainly based on subjective estimates
collected by clinical personnel, often “by eye”. Consequently, there is a pressing need for new
methodologies that can achieve accurate and objective monitoring of patients’ behavior for
neurodegenerative assessments (Fig. 1a). This is most important for monitoring progression in clinical
trials which are often excessively long as a result. This is because the length of disease-modifying
treatment trials is determined by the time it takes for current gold-standard methods of neurological
clinical assessments to detect a slowing or stopping of disease progression (Fig. 1b), sometimes taking
years (in the case of Friedreich’s Ataxia (FA) for 2 years) to conclusively establish disease progression.
Moreover, the low sensitivity and accuracy of many current gold-standard “by-eye” assessments, means
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that large patient populations are required to su�ciently power those assessments - which in the case of
rare diseases typically requires complex multinational clinical trials8,9. This makes the development of
treatments for rare disease often uneconomical for pharmaceutical and biotechnology companies to
pursue, leaving them untreated or addressed through government-backed academically led initiatives.

We use FA as a proof-of-principle model to show how an AI-de�ned digital biomarker can help to rapidly
accelerate and shrink clinical trials for disease-modifying treatments. FA is a triplet-repeat-expansion,
neurodegenerative disease with slow progression frequently leading to an early death. It is a rare disease,
affecting only 1 in 40,000 Caucasian people10,11 and there is as yet no known effective disease-
modifying treatment. Currently, patient management is aimed at merely maintaining neurobehavioral
function for as long as possible12–14. Several promising disease-modifying treatment options have been
proposed aimed at restoring Frataxin expression12,15. The main way of evaluating the progression of FA
disease in patients is through a series of score-based behavioral tests evaluated by-eye4. The lack of
precision biomarkers of progression is due to the complex nature of FA related behavioral change. FA
predominantly affects the sensory proprioceptive system causing deterioration in patients’ coordination
that worsens over time. It typically starts during childhood and the main symptoms include poor balance,
gradual loss of strength and position-sense in the limbs, spasticity, the curvature of the spine
(kyphoscoliosis), impaired speech, hypertrophic cardiomyopathy and it has also been associated with an
increased incidence of diabetes, impairment of bladder control (incontinence), vision and hearing16,17.
Clinicians observe patients performing various tasks and extract scores, which can semi-quantitatively
de�ne the stage of the disease. Amongst the most used tests are the Scale for the Assessment and
Rating of Ataxia (SARA)18 the Composite Cerebellar Functional Severity Score (CCFS)19 the Inventory of
Non-Ataxia Signs (INAS)20, Spinocerebellar Ataxia Functional Index (SCAFI)21 and the Friedreich's Ataxia
Rating Scale (FARS)4. All these scales can assess patients’ motor control and coordination skills through
a series of evaluations, such as the 8 Meter Walk (8MW), the 9-Hole Peg Test (9HPT), the �nger-nose test,
the �nger tapping test and the heel-shin-slide test. Evaluating the overall clinical stage of FA disease
requires converting patients’ physiological information (e.g. stance, walking gait, sitting posture etc.) into
numerical scores which in some cases (FARS) includes patient-reported ability to perform Activities of
Daily Living (ADL). Therefore, in many cases the process of deriving discrete integer scores results in
losing information about the disease state and is subjective.

Though the score-based metrics can quantify the ataxia disease, they are still subject to variability due to
the subjective estimates of some of their components6,22. This variability can be partially reduced with
extensive training of the assesors23. These metrics also suffer from low accuracy and sensitivity,
resulting in extended periods to measure changes in the behavior in FA and the need for much larger
numbers of patients in clinical trials (2 years with 184 patients or 1 year with 548 patients)9.

We are at an exciting time in the research of the underlying disease mechanisms in FA which promises to
reveal radical novel therapies. FA is caused by a non-coding GAA-triplet repeat expansion within the �rst
intron of the Frataxin24. This expansion, on both alleles of the gene, leads to partial silencing of the
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Frataxin gene su�cient to cause Frataxin de�ciency and hence the disease. Frataxin protein is essential
for normal mitochondrial function and the synthesis of iron-sulfur cluster enzymes, and its de�ciency
leads to increased susceptibility to oxidative stress. Recent studies by some of us and others have
demonstrated that FXN gene silencing triggered by the large GAA-repeat expansions involves epigenetic
heterochromatinization of the FXN gene25–28. These �ndings led to potential disease-modifying therapies
aimed at restoring frataxin expression in patients by using epigenetic modi�ers such as histone
deacetylase inhibitors12,29,30. Other promising therapies which act downstream of Frataxin de�ciency
have also been recently trialed 31 and several large pharmaceutical companies are investing in gene-
therapy approaches following recent �ndings in mouse models15.

The lack of precision biomarkers of progression is due to the complex nature of FA related behavioral
change. Applying behavior analytics will be crucial in capturing the subtle changes more objectively and
accurately and therefore in a shorter timespan than the conventional clinical measures, thereby enabling
us to reduce the duration of clinical trials and thus the drug development costs and feasibility of �nding a
disease-modifying treatment for this rare disease.

Currently, the clinical scales ignore valuable information of how a subject performed the tests (the actual
motion trajectories of the patient's limbs) and reduce the assessment to simplistic variables, such as time
taken to perform a task. For example, the technique we have employed here, rather than simply timing
how long it takes a patient to walk eight meters – captures and analyses ‘how’ they walk, in detail,
thereby greatly enriching the depth of the analysis.

Results
We begin by laying out the structure of our results. Subjects came into the clinic and performed routine
activity and clinical scales wearing a motion capture suit. The movement data was analyzed and
kinematic features were identi�ed from the suit data. We regressed these kinematic features against the
clinical scales and predicted future disease progression. Then we applied the kinematic features to
regress against FXN gene expression - a key FA molecular biomarker. We compared our features to
disease progression with those from a large cohort of clinical scores and show here that our features can
outperform the individual's prediction of disease progression by the clinical scales, because we use richer
data sources and better features.

Nine FA participants and 3 healthy controls participated in the study. In our study, we used a motion-
capture suit to record the behavior of FA patients and healthy controls. All subjects stayed a day and
night at our clinical research facility, performing a range of standardized clinical tasks as well as wearing
the suit during their daily routine in the clinic - none of the subjects had issues with wearing the suit. To
enable monitoring of the FA disease progression on a longitudinal timescale the trial consisted of 4
clinical measurement points: day 1 visit, 3 weeks, 3 months, and 9 months.
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To benchmark how FA patients’ movement differs from normal we analyzed two sub-assessments of the
SCAFI scale: the 8 Meter Walk (8MW) and the 9 Hole Peg Test (9HPT). Currently clinicians only use the
crude measure of duration of these activities for quantifying disease severity21. We de�ned a series of
kinematic features of patient performance (see Table 1), which can be used to objectively distinguish the
differences in the behavior of FA patients from the control population. More speci�cally, in the 8MW case,
we focused on the behavioral changes of the full-body kinematics whereas for the 9HPT we focused on
the upper body kinematics since subjects were seated during the task (Fig. 1c-e). The latter is important
as current scales exhibit ceiling effects9 resulting in the exclusion of wheelchair bound patients from
clinical trials. These features have been inspired by the currently used clinical scales, standard gait
analysis methods, works on other neurodegenerative diseases with similar movement disorders32–37 and
direct clinical experience. Several of these features are intuitively meaningful, perhaps even subjectively
visible by eye, while others capture complex and subtle spatiotemporal patterns that may escape even
very experienced clinicians. A detailed explanation of all these features is presented in the supplementary
methods section.
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Table 1
– Suit features from the 8MW task and 9HPT task which were used to train the Gaussian Process

regression algorithm against the clinical scales.
ID Feature name Description Num. of

features

Suit features from the 8MW task

F1 Coe�cient of
variation in the walk
cycle duration

Ratio of the standard deviation to the mean of the walk
cycle duration

1

F2 Workspace probability
density volume &
entropy

Volume occupied by the joints calculated using the 3D
location of the joints

2

F3 Lower body joint
variability

Average variability of the hip and knee joint velocities 6

F4 Walk autocorrelation
& decay

Peaks of the three principal components and delay of the
autocorrelation of the joint angular velocities

4

F5 Channel-delay cross-
correlation

Eigen spectrum values (1, 5 & 35) of the channel-delay
cross-correlation matrix

3

F6 Extremities velocity Average peak velocities of the extremities (wrists and
ankles)

4

F7 Walk complexity Human movement complexity metric and degrees of
freedom to explain 90% variance

2

F8 Leg’s root mean
square power
spectrum

Average energy per walk cycle of the hip and knee joint
velocities

6

F9 Joint velocities
correlation coe�cient

Pearson’s correlation coe�cients between lower body
joints

11

F10 Head - spine
movement plane area

Area and variability of the head movements on the
frontal and sideways plane

3

Suit features from the 9HPT task

F11 Average upper body
joint velocity

Average joint angular velocities of the shoulder and
elbow joints

5

F12 Upper body
complexity

Human movement complexity metric and degrees of
freedom to explain 90% variance of the upper body joint
velocities

2

F13 Workspace probability
density volume &
entropy

Volume occupied by the joints calculated using the 3D
location of the joints of the upper body

2
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ID Feature name Description Num. of
features

F14 Upper body
autocorrelation full-
width at half-
maximum

The width of the autocorrelation curve (of the joint
angular velocities of the upper body joints) at the point
when it reaches a value of 0.5

5

F15 Channel-delay cross-
correlation

Eigen spectrum values (1, 5, 30 & 300) of the channel-
delay cross-correlation matrix

4

F16 Arm root mean square
power spectrum

Average energy of the shoulder and elbow joint angular
velocities

5

F17 Wrist average velocity Average velocities of the wrist in space 1

F18 Upper body joints’
correlations

Pearson’s correlation coe�cients between upper body
joints

3

F19 Logistic �t on upper
body joints’ velocity

Scale parameter of the logistic distribution of upper body
joint’s angular velocities and wrist’s velocity in space

9

F20 Head spine
movement plane area

Area of the head movements on the frontal and
sideways plane

1

Most of these features are signi�cantly different between FA patients and controls thereby quantitatively
capturing the effects of FA on movement. To develop a clinically useful and improved measure of
deterioration we set out to predict the continuous values of the clinical scale quantitatively. We calculated
Pearson’s correlation coe�cient of each feature with respect to the SARA and SCAFI scales and most of
the features presented absolute correlations in the range of 0.3–0.5 with respect to the two clinical
scales. Therefore, none of them can be independently used for monitoring disease progression. However,
a more robust prediction can be potentially achieved by combining all these behavioral features - the
same way as is applied in the standard clinical scales.

The relationships linking our features and clinical scales are non-linear. Hence, we used a Gaussian
Process (GP) Regression algorithm to �nd the mapping between the extracted behavioral features and
the SARA & SCAFI clinical scales. GP regression is a state-of-the-art method that applies a non-linear
regression and can capture the uncertainty in the presence of high variability in the data in a principled
manner38.

Firstly, we did a cross-sectional prediction of the clinical scales using the suit features from the
corresponding visits and the leave one subject out cross validated results are shown in Fig. 2. The
algorithm achieved a coe�cient of determination (R2) of 0.69 and a root mean square error (RMSE) of
2.54 when predicting SARA scales using suit features of 8MW and a R2 of 0.45 and a RMSE of 5.10 when
using suit features of 9HPT. When predicting SCAFI, the algorithm’s performance increased in both the
cases of 8MW and 9HPT suit features with R2 of 0.82 and 0.77, respectively. It should be noted that one
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subject could not do the 8MW test and did only the 9HPT. This establishes that our methodology can be
used to predict the clinical scales for non-ambulatory patients too. The challenge with leave-one-subject-
out cross-validation is that every time the algorithm is tested it is on a new subject with completely new
dynamics. Nevertheless, the suit features can still predict the disease state of the patients with good
accuracy. The features selected by the feature selection algorithm for predicting SARA and SCAFI are
presented in Supplementary Figs. 15 and 16.

Since our patients do not cover the whole range of the clinical scores (0–40), the algorithm's performance
is not very good in predicting the SARA scores at the higher end of the scale (e.g., the two sporadic values
at the top right corner of the plot). It is clear from the results that the GP regression performance can be
improved with a bigger dataset. It can also be observed that both the 8MW and 9HPT suit features are
better at predicting SCAFI when compared to SARA. This should not be surprising as both 8MW and
9HPT are part of the SCAFI test suite and the suit features of the 8MW and 9HPT subtasks will have more
predictive power at predicting the SCAFI score.

We then wanted to analyze how well the kinematic features extracted from the suit data of 8MW and
9HPT can accurately predict the longitudinal disease progression occurring in FA patients when
compared to scores obtained following conventional assessment by clinicians (Fig. 3). First, we wanted
to understand how the clinical scales change over a year as a function of their day-1 clinical scale. In Fig.
3a and 3d, we have plotted the change in SARA and SCAFI scales respectively against their day-1 clinical
scale for the FA patients of our study and also patients from EFACTS study9 (a two-year longitudinal
study with a larger cohort size).

We used GP regression to predict the month-9 SARA and SCAFI scales of the subjects from our study
using the suit features from day-1 8MW and suit features from day-1 9HPT. We also predicted the month-
12 SARA and SCAFI scales of the EFACTS study using the day-1 SARA and SCAFI scores from the
EFACTS study. The results of the longitudinal prediction for the SARA and SCAFI are presented in Fig. 3b
and Fig. 3e respectively. For the longitudinal predictions of SARA, both the day-1 suit features of 8MW
and 9HPT achieved a good leave-one-subject-out cross-validated RMSE of 1.70 and 1.16 in comparison
with a RMSE of 2.31 using day-1 SARA. Again, for the longitudinal predictions of SCAFI, the 8MW and
9HPT day-1 suit features outperformed day-1 SCAFI (RMSEs of 0.09 and 0.11 vs 0.25). Please see
Supplementary Fig. 17 for plot of the R2 of the results. This implies that our suit features contained
su�ciently rich information not only to score the disease state of the patient in the present, but also
predict how the disease would evolve. The features selected by the feature selection algorithm for the
longitudinal predictions of SARA and SCAFI are presented in Supplementary Figs. 18 and 19.

We then plotted the RMSE of the longitudinal predictions as a function of number of subjects used to
build the machine learning model (Fig. 3c and Fig. 3e). The model using suit features achieved better
performance with a smaller number of subjects (n = 7) compared to the model using the clinical scales
with a larger cohort from the EFACTS study (n = 425). This establishes that a small population size is
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su�cient to build prediction models with high accuracy when using the rich set of suit features which
would therefore signi�cantly reduce the numbers of patients required in the context of drug development.

FA is caused by a GAA-repeat expansion in the FXN gene leading to transcriptional repression of FXN and
the disease. The length of GAA-repeat has been shown to correlate with age of onset and inversely
correlate with disease severity. We therefore hypothesized that FXN blood levels might inversely correlate
with disease severity. We predicted the FXN mRNA levels of the subjects using 4 sets of predictors: 8MW
suit features, 9HPT suit features, SARA and SCAFI and the results for the leave-one-subject-out cross-
validation is presented in Fig. 4a-d. The scatterplot of the measured vs predicted FXN levels using are
presented in the �rst two columns. The �rst column shows the predictions using the 8MW & 9HPT suit
features and the second column shows the predictions using the SARA and SCAFI clinical scales. 8MW
and 9HPT achieved a R2 of 0.60 and 0.53 (and a RMSE of 0.53 and 0.62) for the leave-one-subject-out
cross-validated case. In comparison, both SARA and SCAFI achieved only R2 values close to zero (with
RMSE values of 0.89 and 1.00). (Please see Supplementary Fig. 20a and 20b for the features selected by
the feature selection algorithm for the prediction of FXN and Supplementary Fig. 20c for a scatter plot of
the FXN against SARA and SCAFI).

The total scores of SARA and SCAFI, might be poorer at prediction because they contain less information.
We reasoned that by using the individual components of the SARA and SCAFI scales as predictors, we
would improve the predictive capacity (see Supplementary Fig. 21). Although this led to an improvement
(R2 of predictions using the components of SARA increased to 0.33 and that of SCAFI increased to 0.19)
the prediction using the suit features of the 8MW (R2 of 0.60) and 9HPT (R2 of 0.53) still outperforms the
individual components of SARA and SCAFI in predicting FXN levels.

Discussion
Clinical scales which attempt to quantify the clinical examination are widely used as gold-standard
neurological and cardiovascular assessments are often measured “by-eye” and subject to intra-rater
variability (the same assessors reporting different outcomes on repeated trials)7 and inter-rater variability
(different assessors scoring the same assessment differently)39 as well as variability in the patient
performance ability (which may vary based on time and days of the week, seasons etc.). Such clinical
scales are composed of a battery of different behavioral sub-assessments (e.g., walking, picking up
things) to capture the performance across different domains of the body’s capabilities and average out
variability across individual sub-assessments (e.g., for FA SCAFI has 3 sub-assessments while SARA has
8 sub-assessments). This results in longer times to perform clinical tests and more opportunity for rater
variability. Moreover, variability from each sub-assessment may, in the worst case, be additive.

We show here that the kinematic features from one test can predict the clinical scales of another test,
future scores and indeed the key molecular marker - FXN levels, indicating that they carry crucial
information about the disease and can directly link behavior with FXN gene expression.
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Our data-driven approach also revealed new observational information that can complement the current
clinical evaluations. For example, one of our main �ndings, that was supported by multiple metrics, was
the signi�cantly reduced movement structure and complexity in the patients' activities compared to
controls during the two subtests. The high accuracy of the collected data can also be used to better
understand the subtle changes in behavior secondary to the disease or ameliorated by therapeutic
intervention. Such increased accuracy would effectively reduce both the duration and cost of clinical
trials but also potentially enable detection of this disease and others at very early stages, even before
they can be visually observed.

The fact that the kinematic features of each of the subtasks (8MW and 9HPT) can predict the overall
clinical scores with good accuracy suggests that our data-driven approach can predict the overall
performance of a patient with a minimal number of tasks in the clinical assessment and therefore with
much less patient effort. Our data-driven analysis also allowed us to characterize the kinematic
alterations in FA patients and verify and objectify the various observations that clinicians use in their
verbal characterization such as slower irregular movements.

Because the SARA scale has been shown to have a ceiling effect, FA patients are frequently excluded
from clinical trials above a certain SARA score threshold. The fact that we can accurately predict SARA
scores using an upper limb coordination test (9HPT), suggests that this might have an impact on those
patients that can be included in clinical trials if this novel methodology is validated in a larger study.

Recent efforts40–44 used movement sensors in an attempt to overcome the errors caused by subjective
clinical scales. Parkinson’s disease patients45 donned full-body suit to capture the patients’ behavior
during clinical tasks. The analysis on cross-sectional classi�cation of the severity of the disease (mild vs
severe) rather than capturing changes in the disease progression through time. Similarly, a recent cross-
sectional study used wearable motion sensors to quantify the SARA scale and thereby identify very early
signs in the spinocerebellar ataxias46. Here we go further in developing algorithms to accurately predict
outcome longitudinally and moreover predict a molecular biomarker of FA.

This work promises to not only shorten clinical trials that would otherwise be prohibitively long, but also
to reduce the number of patients required to measure the deterioration of the neurological state. The latter
is especially important in rare neurodegenerative diseases. Therefore, such technology is likely to greatly
facilitate the possibility of �nding treatment for these relatively neglected and incurable conditions.

We show here that FA provides a model neurodegenerative condition where a holistic machine learning
analysis of full-body kinematics from a longitudinal study demonstrates accurate prediction of
dysfunction progression in individual patients. Crucially, we not only determine clinical phenotype but
also track the molecular cause of the disease (repressed frataxin) from movement data alone. While high-
resolution behavioral genomics was previously successful in genetic model organisms such as
C.Elegans46 at differentiating mutants through pure digital behavioral analysis and was able to pick up
subtle changes in physiological and reproductive state from the movement behavior of Drosophila
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Melanogaster47 such data-driven approaches have been lacking in human clinical and genomic
applications. Existing digital biomarkers applied in human clinical settings involve supplanting
conventional measures such as distance walked on a treadmill with digital measured proxies obtained
through digital devices (such as step counters). However, these approaches overlook the richness of
signal contained in full-body kinematic data and instead revert to re-using existing clinical measures
often de�ned over 100 years ago. Such data-derived behavior promises to greatly shorten the length or
number of patients required for clinical trials in FA and other slowly progressive genetic disorders. To
date, the monitoring of neurodegenerative disease progression frequently fails to adequately test disease-
modifying therapies because it is slow and of low precision making drug development risky and
expensive. Our digital behavioral biomarker approach could �ip many rare diseases for which drug
development was slow and often too expensive, into viable candidates for rapid treatment advances.
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Figure 1

Overview of concepts, methodology and �ndings: a. Current gold-standard clinical assessments for
monitoring the effects of neurodegenerative diseases are often measured “by-eye” and lack objectivity.
Sensors can help achieve accurate and objective monitoring of patients’ behavior. b. Because of the lack
of precision, it takes months before conventional clinical measures reveal any change in the disease
progression. Motion-capture suit biomarkers are more accurate and sensitive providing digital biomarkers
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that can detect even small changes in patient performance. Applying behavior analytics can capture the
subtle changes more objectively and in a shorter time span than the conventional clinical measures. c.
Using a full-body motion capture approach, we analyzed two sub-assessments of the SCAFI scale, the 8
Meter Walk (8MW) and the 9 Hole Peg Test (9HPT), for which clinicians only use their duration for
estimating the progression of the FA disease. We applied a machine learning approach and generated a
series of markers of patient performance. Using this data-driven approach we reconstructed the full SARA
and SCAFI scores along with the Frataxin levels. d. A subject performing the 8MW while wearing the IGS-
180 motion capture suit [Animazoo UK Ltd, Brighton, UK], which uses 17 inertial sensors to monitor the
movement of the limbs and a reconstruction of the body posture at a single frame. A typical time-series
from the angular positions of the neck, elbow, hip and knee joints captured by the suit and a time-lapse of
an FA patient performing the 8MW test (each frame is 0.5s apart). e. The setup used during the 9HPT
showing the subject with the motion capture suit and a time-lapse of an FA patient performing the 9HPT.

Figure 2

Cross-sectional predictions of SARA and SCAFI: Actual vs predicted plot from the cross-sectional
prediction of the clinical scales using the suit features from the 8MW and 9HPT tasks. Each point
represents a single actual vs predicted score of an FA Patient (9 subjects, 33 visits) or Control (3 subjects,
3 visits). One subject could not do the 8MW and did only the 9HPT. There are two points per clinical visit
of a subject as there are two suit measurements for 8MW and 9HPT from each visit. A small jitter is



Page 18/20

added to the points to show overlapping points. A leave-one-subject-out cross-validation and Gaussian
Process regression was used to �nd a mapping between the suit features and the clinical scales .

Figure 3

Longitudinal predictions of SARA and SCAFI: a. Scatter plot of the day-1 SARA vs the change in the SARA
scale over 9 months for data from our study (n=8) and change in the SARA scale over 12 months for the
EFACTS study (n=425). A small jitter is added to the points to show overlapping points. b. Comparison of
the aggregate RMSE of the leave-one-subject-out cross-validated predictions of the SARA at T+ 9 months
by the suit features of 8MW and 9HPT tasks from visit T of our study and SARA at T+ 12 months
predicted using SARA at visit T from EFACTS study c. Plot of the aggregate leave-one-subject-out cross-
validated RMSE of the predictions of the SARA at T+ 9 months from our study (T+12 months in case of
EFACTS) as a function of number of subjects used to build the machine learning model. The model using
suit features achieves better performance with a smaller number of subjects (marked by the vertical
dotted lines) compared to the model using SARA with a much larger cohort from the EFACTS study. The
shaded regions indicate the standard deviation of the results from different models built for each number
of subjects. d-e are the corresponding plots for the SCAFI scale.
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Figure 4

Cross sectional predictions of FXN gene expression: FXN mRNA levels were predicted using the following
4 sets of predictors: suit features from the 8MW task, suit features from the 9HPT task, SARA and SCAFI
scores. a. Scatter plot of the measured FXN mRNA levels against the FXN mRNA levels predicted by the
suit features from the 8MW and 9HPT tasks of the corresponding visits. Please note that there are two
points per clinical visit of a subject for the suit features as there are two suit measurements for 8MW and
9HPT from each visit. b. Scatter plot of the measured FXN mRNA levels against the FXN mRNA levels
predicted by the SARA and SCAFI clinical scales of the corresponding visits. FXN mRNA was measured
by Q-RTPCR and the CT values normalised to TBP are plotted. c & d. Leave-one-subject-out cross-
validated R2 and RMSE of the predictions by the 4 set of predictors. GP regression models using the
features of the suit data of 8MW and 9HPT tasks as predictors perform better compared to GP regression
models using the SARA and SCAFI scales as predictors.
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