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Predictive machine learning and
multimodal data to develop highly
sensitive, composite biomarkers of
disease progression in Friedreich
ataxia
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Friedreich ataxia (FRDA) is a rare, inherited progressive movement disorder for which there is currently
no cure. The field urgently requires more sensitive, objective, and clinically relevant biomarkers to
enhance the evaluation of treatment efficacy in clinical trials and to speed up the process of drug
discovery. This study pioneers the development of clinically relevant, multidomain, fully objective
composite biomarkers of disease severity and progression, using multimodal neuroimaging and
background data (i.e., demographic, disease history, genetics). Data from 31 individuals with FRDA
and 31 controls from a longitudinal multimodal natural history study IMAGE-FRDA, were included.
Using an elasticnet predictive machine learning (ML) regression model, we derived a weighted
combination of background, structural MRI, diffusion MRI, and quantitative susceptibility imaging
(QSM) measures that predicted Friedreich ataxia rating scale (FARS) with high accuracy (R? = 0.79,

root mean square error (RMSE) =13.19). This composite also exhibited strong sensitivity to disease
progression over two years (Cohen’s d =1.12), outperforming the sensitivity of the FARS score

alone (d=0.88). The approach was validated using the Scale for the assessment and rating of ataxia
(SARA), demonstrating the potential and robustness of ML-derived composites to surpass individual
biomarkers and act as complementary or surrogate markers of disease severity and progression.
However, further validation, refinement, and the integration of additional data modalities will open up
new opportunities for translating these biomarkers into clinical practice and clinical trials for FRDA, as
well as other rare neurodegenerative diseases.
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progression, Neuroimaging

Friedreich ataxia (FRDA) is a rare inherited multi-system disease. The neurological component of FRDA is
defined by abnormalities and degeneration of the spinal cord, cerebellum, and cerebro-cerebellar pathways,
leading to significant and progressive balance, gait, upper limb coordination, speech, and swallowing deficits.
FRDA poses a significant challenge in the medical field due to its debilitating nature, lack of effective therapies,
and the absence of a cure?. While a recent milestone was achieved with the approval of the first disease-
modifying drug for individuals with FRDA, further drug development efforts are necessary>*. A significant
obstacle in advancing drug development and clinical trials for FRDA lies in the scarcity of sensitive, reliable
and comprehensive biomarkers capable of capturing disease progression over typical clinical trial timeframes
(i.e., 24-72 weeks)®>7. Meeting this need is particularly challenging in FRDA due to the slow rate of symptom
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advancement, rarity of the disease, and heterogeneity in symptoms between individuals and across the disease
course®. Clinician-rated outcome measures, which are currently considered the reference standard, often suffer
from high variability due to subjective assessment”!. The modified Friedreich Ataxia Rating Scale (mFARS) is
currently the accepted clinician-rated outcome measure for FRDA trials!!. However, a recent systematic review
graded the evidence supporting the efficacy of FARS scores (including both FARS and mFARS) in assessing
therapeutic effects in FRDA as very low-quality'?. The positive evidence is primarily driven by the omaveloxolone
study, which demonstrated a significant improvement in its primary outcome measure, mFARS®!!. While this
may be influenced by factors such as the short trial duration, the sensitivity limitations of FARS alone, and the
slow progression of FRDA, further validation of mFARS eflicacy remains essential. In contrast, the most recent
drug trial, vatiquinone, for FRDA, found no significant difference in the mean placebo-corrected change in
mFARS from baseline over the 72-week core trial period!®. Additionally, studies also indicated modest and
short-lived placebo responses in mFARS, a lack of correlation between mFARS changes and other disease-
related endpoints, and its poor reliability and/or sensitivity in some cohorts such as non-ambulatory individuals
with FRDA!'", Overall, there remains a critical need to validate alternative outcome measures to serve as
complementary or surrogate clinical trial endpoints. In fact, the systematic review!? suggested that combining
multiple biomarkers offers a more comprehensive assessment of treatment efficacy, which is particularly crucial
for slowly progressive diseases like FRDA, where subtle yet meaningful treatment effects may only emerge
through integrated evaluation.

In response to this pressing need, a number of global initiatives are underway to identify objective biomarkers
capable of offering greater sensitivity in tracking FRDA disease progression. Longitudinal studies such as
IMAGE-FRDA'®, TRACK-FA'%, CAMPINAS!” and MINNESOTA'® were dedicated to discovering multimodal
neuroimaging biomarkers using brain and spinal cord MRI and spectroscopy across demographically diverse
participant groups. In addition, automated measures of movement and speech using digital devices and
recordings, wearables, and signal processing techniques have also demonstrated superior performance in
diagnosis, symptom grading, and tracking disease progression compared to conventional clinical scales!®-%4.
Measures derived from biofluids and genetic assays, including frataxin level, epigenetic silencing and methylation
of the FXN gene, as well as proteomic and metabolomic discovery approaches also offer promise for identifying
new pharmacodynamic, monitoring and prognostic biomarkers?®. These developments herald an exciting era for
biomarker development in FRDA.

However, medical researchers accept that tracking disease progression using a single biomarker may not
provide sufficient accuracy, as evidenced by studies across various diseases?. Consequently, it is becoming
increasingly common that multiple biomarker tests are performed on each individual, and the corresponding
measurements are combined into a single score to help clinicians make better diagnostic, prognostic, and disease
monitoring judgements. Studies have shown that combining multiple biomarkers to measure treatment outcome
after randomised clinical trials performed better than a single biomarker assessment approach in diseases
like chronic fatigue syndrome or major depression?’. In FRDA, composite biomarkers may similarly offer a
more comprehensive understanding of disease pathology and enhanced sensitivity to disease progression?%.
However, it is important to note that while combining multiple biomarkers may improve diagnostic accuracy or
treatment efficacy in a statistical sense, the clinical relevance of such combinations remains a critical question.
In addition, a later study by Rummey and colleagues®® suggested that composites are most effective when studies
include a wider cohort of patients at different disease stages, as certain components may only reflect changes in
specific phases. Therefore, incorporating disease-phase-defining elements into the composites, or developing
personalised composite biomarkers tailored to an individual’s unique biological characteristics and disease
history, could be particularly advantageous in cohort studies and trials for rare and heterogeneous conditions
like FRDA.

Advanced mathematical models can play a pivotal role in identifying biomarkers relevant to disease
mechanisms, particularly in the context of large multivariate data’’. The development of composite,
multidimensional, individually-relevant biomarkers using pattern recognition algorithms and artificial
intelligence is an emerging trend in health research®%. Machine learning (ML) methods could provide several
advantages over traditional statistical approaches in the development of composite biomarkers, including greater
ability to handle complex multidimensional datasets without stringent distributional assumptions and making
predictions without explicit programming at each step®*. Recent ML applications in biomarker discovery across
various diseases have utilised techniques such as random forest, lasso, and ensemble methods!®?>3>3, These
examples highlight the potential for further adoption of ML in composite biomarker development studies.

This study seeks to investigate the effectiveness of ML techniques in developing clinically significant, fully
objective, multi-domain, personalised, and highly sensitive composite biomarkers for monitoring the progression
of FRDA. By utilising multimodal neuroimaging data (including structural, diffusion, and susceptibility imaging)
along with background and clinical information (i.e., demographics, genetics, and disease history) from the
longitudinal IMAGE-FRDA study'>37%, the goal is to determine the optimal combination and weighting of
individual biomarker components. Ultimately, the goal is to develop a composite biomarker that surpasses
traditional clinical scores by providing a more comprehensive, accurate, and sensitive representation of disease-
related changes over time.

Methods

Participants

Data were collected as part of IMAGE-FRDA, a single-site longitudinal neuroimaging study conducted at Monash
University, Monash Health and the Murdoch Children’s Research Institute in Melbourne, Australia from 2013
to 2016. Initially, the study enrolled 37 individuals with FRDA and 37 control participants. However, for this
analysis, we included 31 individuals with FRDA and 31 controls who completed two assessments approximately
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two years apart (mean =2.02 years, SD =0.18 years; see Table 1) and had available demographic information and
clinical scores at both time points. The remaining six participants from each group had incomplete imaging data
at visit 1 and entirely missing data at visit 2. Individuals with FRDA had confirmed homozygosity for a GAA
repeat expansion in intron 1 of FXN, with no clinically reported comorbid neurological or psychiatric diagnoses.
All participants provided informed consent, and the study was approved by the Monash Health Human Research
Ethics Committee (13201B) and carried out in accordance with the Declaration of Helsinki*. Disease severity
was assessed using the original FARS (scored from 0 to 167; higher scores indicate greater severity) and Scale for
the Assessment and Rating of Ataxia (SARA) (0-40).

Image acquisition
MRIs were acquired using a 3T Siemens Skyra (Siemens, Erlangen, Germany) with a 32-channel head coil
(Monash Biomedical Imaging, Melbourne). Neuroimaging modalities included T1-weighted magnetization-
prepared rapid gradient echo (MPRAGE), T2*-weighted dual-echo gradient-recalled echo (GRE), diffusion-
weighted, and T2-weighted images with and without magnetisation transfer pulse. The details of image acquisition
protocols are provided in previous studies'>**%°. Whole-brain T1-weighted images were acquired over 4 min
and 26s with 176 sagittal slices, voxel size 1 x1x1 mm?>, matrix size =256 x 256, field of view =256 x256 mm?,
echo time=2.55 ms, and repetition time=1,540 ms. Whole-brain diffusion-weighted images were acquired
overl 3 min and 35 s using an echo-planar spin-echo sequence, with b=3,000, 64 gradient directions, 60 axial
slices, voxel size=2.1x2.1 x 2.1 mm?, matrix size =122 x 122, field of view = 256 x 256 mm?, echo time = 108 ms,
and repetition time = 11.6 s. The parameters for the GRE acquisition were: acquisition time, 11.5 min; repetition
time, 30 milliseconds; echo time, 7.38 and 22.14 milliseconds; flip angle, 15; field of view, 230 x 230 mm?; voxels,
0.9 mm isotropic; 160 axial slices.

Several participants’ structural images were excluded due to poor quality, as identified through visual
inspection. Specifically, for visitl, exclusions included one control and one FRDA participant, while for visit2,
exclusions included two control and two FRDA participants.

Variables
In this study, a multimodal suite of variables was utilised (Table 2). These included:

(i) “Background” demographic, disease history and genetic characteristics, including age at scan, age at symp-
tom onset, sex, disease duration, length of the expanded genetic GAA triplet repeat in FXN (shorter re-
peat=GAALI, longer repeat=GAA2).

(ii) Clinical severity, with the FARS used as the primary measure of disease severity in this paper, and the
SARA used for external validation.

(iii) Regional brain volume from structural MRI in 11 regions of interest in the cerebellum and brainstem.

(iv) Diffusion tensor imaging (DTI) metrics of fractional anisotropy (fa), mean diffusivity (md), axial diffusiv-
ity (ad), and radial diffusivity (rd) in each of the three cerebellar peduncles; and.

(v) Volume and mean magnetic susceptibility of the left and right dentate nuclei derived using quantitative
susceptibility mapping (QSM).

All MRI measures used in this study were derived using methods and outcomes described in our prior
investigations!>373840-42 For the volumetric measures of the cerebellum, we aggregated the original set of 28
lobule level parcellations into 5 lobe-level parcels to reduce data dimensionality, also as previously described*.
Based on an initial exploration of FARS and SARA scores using linear models, disease duration was divided
into two distinct variables: disease_duration_to_10 and disease_duration_10_up, to better capture changes in
disease severity. As shown in supplementary Figure S1, this piecewise approach introduces a bend at the 10-year

Variables Control (n=31) | FRDA (n=31)
Age at v1(yrs) 38.36+13.33 37.01+13.57
Age at v2 (yrs) 40.44+13.35 38.98+13.58
Age at disease onset (yrs) 19.55+8.77
Disease duration at v1(yrs) 17.34+10.65
Disease duration at v2(yrs) 19.45+10.73
GAAL1 repeat length 538+227
GAA2 repeat length 867+239
sex (M/F) 17/14 (19/12)
FARS atvl 79.52+28.37
FARS at v2 86.25+28.08
SARA at vl 18.92+8.65
SARA at v2 20.83+£9.13

Table 1. Descriptive statistics of #n=31 control and n=31 participants with FRDA. Mean + sd. GAA =number
of GAA repeats in intron 1 of the FXN gene on the smaller (GAA1) and larger (GAA?2) alleles. # no of subjects.
sd standard deviation. v1 visit 1 (baseline). v2visit 2 (follow-up).
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Category

Feature Description

structural imaging

Volumes of superior, middle, and inferior

sep_vol, mep_vol, icp_vol cerebellar peduncles

midbrain_vol, pons_vol, medulla_vol Volumes of brainstem regions

ant_CBLM_I_V_vol, sup-post_CBLM_VI_VII_vol, inf-post_ CBLM_VIII_IX_vol,
floc_CBLM_X_vol, vermis_CBLM_vol

Volumes of different cerebellar lobes

Background

scp_fa, mep_fa, icp_fa Fractional anisotropy (fa) of cerebellar peduncles

scp_md, mcp_md, icp_md Mean diffusivity (md) of cerebellar peduncles
Diffusion imaging

scp_ad, mep_ad, icp_ad Axial diffusivity (ad) of cerebellar peduncles

scp_rd, mcp_rd, icp_rd Radial diffusivity (rd) of cerebellar peduncles

dentate_L_vol, dentate_R_vol Volume of left and right dentate nucleus
Quantitative susceptibility imaging

dentate_L_susceptibility, dentate_R_susceptibility Susceptibility values of the dentate nucleus

FARS, SARA Clinical ataxia rating scales

sex, age_at_scan, age_at_onset Basic demographic and disease-related information

Disease duration categorised by severity

disease_duration_to_10, disease_duration_10_up progression pattern

GAA1, GAA2 Genetic information (GAA repeat lengths)

Table 2. Multidomain, multimodal variables of interest for ML model development and subsequent
composites. vol volume, scp superior cerebellar peduncle, mcp middle cerebellar peduncle, icp inferior
cerebellar peduncle, ant anterior, sup-post superior-posterior, inf-post inferior-posterior, floc flocculonodular
lobe, CBLM cerebellum, I-X represents cerebellar lobules, L left, R right, fa fractional anisotropy, md mean
diftusivity, ad axial diffusivity, rd radial diffusivity, GAAI GAA1 repeat length; GAA2 GAA2 repeat length.

mark, allowing the model to reflect potential shifts in progression dynamics more accurately. The distribution of
FARS and SARA scores is shown in Supplementary Figure S2.

Machine learning models

First, we developed elasticnet** regression models to find the optimal combination of multi-domain variables
that exhibited the strongest predictive association with FARS scores. A series of models were trained to predict
FARS scores using different combinations of the neuroimaging and background variables (Table 2). Outlier
detection was conducted for each feature set using Tukey’s Fences method*, identifying data points as outliers if
they exceeded three times the interquartile range (IQR) beyond the upper or lower quartiles. Each participant’s
visit data at a particular time point was treated as one sample, with each participant potentially contributing a
maximum of two samples. Only samples with a complete set of background and neuroimaging features at any
visit were included in the cross-sectional models, while those containing one or more outlier features were
excluded from the analysis. The final FARS prediction models were trained on cross-sectional data from 34
samples.

Our first goal was to identify the best-performing model with the optimised hyperparameter sets and the
most predictive combination of input variables for prediction of FARS scores. Due to the small sample size,
the dataset was not split into independent training, validation and testing sets. Rather, model performance
was evaluated using repeated cross-validation, with 10 folds in each of 10 repetitions. Each “fold” contained
90% of the total data as training and 10% of the data as validation. To prevent artificially inflating the model’s
performance, we ensured that each participant was included in either the training or validation set, but not both,
through a participant-based split. The hyperparameters of the models were tuned during the cross-validation,
using a grid search as follows: alpha (mixture) parameters between 0 and 1 were tried in steps of 0.1, and lambda
parameters between 0 and 20 were tried in steps of 0.1. Alpha determines the relative weight of the ridge and
lasso penalties, while lambda determines the overall strength of the regularisation.

R? and root mean square error (RMSE) performance metrics were estimated by pooling the predictions
from all the validation sets in the 100 model fits, as recommended by the TRIPOD (transparent reporting of
a multivariable prediction model for individual prognosis or diagnosis) statement article (Collins et al., 2015).
The RMSE of each model quantifies the difference between predicted and actual scores, which is particularly
sensitive to outliers or large deviations. The smaller the RMSE values, the better the prediction. Additionally,
the R? performance metric measures the proportion of variance in the FARS scores that is predictable from the
input variables in the model. R? values generally range from 0 to 1, with a value of 1 indicating perfect prediction.
We compared the model performances and selected the optimal model based on cross-validation performance
metrics, rather than relying on the Akaike Information Criterion (AIC) or Bayesian Information Criterion
(BIC) scores. This approach enabled a better understanding of the model’s generalisation ability without making
any specific assumptions about model parameters. Regression models were fitted to the data using the glmnet
package®® and tidymodels framework?” in R (R Core Team, 2013).

Variable importance

We calculated estimates of relative importance for each variable in the model prediction task using standardised
coefficients, which represent the standardised weight of each predictor. Before model training, the predictors
and targets were centred and scaled to have a mean of zero and a standard deviation of one. We generated
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standardised coeflicient plots using 201 bootstraps from the entire dataset and optimised model hyperparameters
from cross-validation. Bootstrapping provides a robust estimation of the uncertainty in feature coefficients,
irrespective of dataset distribution characteristics. In these plots, the least influential predictor trends towards 0,
while the most influential predictor trends towards 1 or —1. For a particular model and a predictor, we present
the coefficient values obtained through bootstrapping, the 95% percentile interval, the coefficient value from
training the model with the entire dataset, and the percentage of non-zero coefficients among the bootstraps.

Composite biomarker development and sensitivity analysis

The best performing predictive models, along with the optimal combinations of predictor variables, were then
fit to the full dataset. The absolute coefficients from these models were used to generate weighted composites
for each predictor combination. Subsequently, we assessed the sensitivity to disease progression over 2 years for
each individual predictor, target variable, and the derived composites using paired t-tests and Cohen’s d effect
sizes (d) of the differences between visit 2 and visit 1 scores, where:

isit2—wvisitl . .
d = meanlvisi2—visitl). g o140 dard deviation
sd(visit2—visitl) ?

For each individual or composite variable, d-scores were calculated using only the participants who had
available data for both Visit 1 and Visit 2 for that specific variable. For instance, the full set of measures was
available for n=15 participants; therefore, all statistical analyses for the background and all_neuroimaging
composite were performed using this subset. In contrast, FARS scores were calculated using data from n=31
participants. Additionally, d-scores for the neuroimaging composites were measurable in both the control and
FRDA cohorts.

An overview of the methods is presented in (Fig. 1).

Model evaluation for SARA scores

In addition to evaluating the model’s predictive performance for FARS scores, we also assessed its ability to
predict SARA scores and measured the disease sensitivity of surrogate composite scores for SARA. This
evaluation followed the same procedures as for the FARS, described above, and was conducted using n=31
samples (visits) to ensure consistency and robustness in our approach.

Results

Prediction performance of the models and optimal predictive input combinations

The cross-validation performance measures (Table 3; Fig. 2) showed that the highest FARS prediction was
obtained with elasticnet with the combination of background and all_neuroimaging (structural, diffusion and

Background Prediction of
(demographics, disease 1 concurrent FARS/SARA

history, genetics) scores

(" Structural measures from
11 regions of interest in

Evaluate model with R?

the cere_bellum and [— and RMSE
brainstem
) ElasticNet Model C it
" Hyperparameter Tuning | omposite
A C anl('jd q Select the best models Development
ross-validation / : Rl

Diffusion measures of with optimised ) N

cerebellar peduncles hyperparameters for each -
\ ) Combination J Train the best models with |
: ' Ll the best predictor

combinations and the
/' ~ entire dataset
Quantitative Susceptibility | i
Mapping measures Select the best 1
(volume and susceptibility combinations of predictors (
of dentates) s Final Weighted
Composites
Model Inputs Model Outputs ( o h
Measure Sensitivity to
Disease Progression (d-
scores)

Fig. 1. Overview of methods.
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ML model - elasticnet

Predictor variables R? RMSE | Lambda (regularisation) | Alpha (mixture of ridge and lasso)
Background 0.63 | 17.33 | 1.2 1
Structural 0.2 |256 1.6 0.1
Diffusion 0.36 [ 2295 |15.5 0.1
QSM -0.08 | 29.78 |20 0
All_neuroimaging 0.55 | 19.13 |7.6 0.2
Background + structural 0.57 | 18.82 |23 1
Background + diffusion 0.77 | 13.85 |5.7 0
Background + QSM 0.59 | 18.4 2.1 1
Background + structural + diffusion | 0.77 | 13.7 23 0
Background + all_neuroimaging 0.79 | 13.19 |13 0

Table 3. Performance measures of different ML models with various combinations of predictors.

a. Background+All_neuroimaging b. Background+Structural+Diffusion

100 - 100
75 - 75
3 )
50 - 50
251 . 25 1 .
0 50 100 0 40 80 120
prediction prediction
c. Background + Diffusion d. Background
100 - 100 |
T 75 g 75|
= =
[$] o |
© ©
50 ' 50 |
25 e 25 |
' 0 40 80 120
0
prediction prediction

Fig. 2. Actual and predicted FARS scores from the elasticnet model with top performing input combinations,
in a sequence from highest to lowest (a-d). Black dots represent the averaged predictions across the validation
sets during 10-fold repeated cross-validation with optimised hyperparameters. Red dots indicate predictions
from the final model using the complete dataset. Perfect predictions would align along the diagonal line.
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sex 1

age_at_onset 4

GAA1 4

GAA2 4

age {
disease_duration_to_10 4
disease_duration_10_up 4
scp_vol 4

mcep_vol 4

icp_vol 4

midbrain_vol 4

pons_vol |

medulla_vol 4
ant_CBLM_I_V_vol {
sup-post_CBLM_VI_VII_vol 1
inf-post_CBLM_VIII_IX _vol 4
floc_CBLM_X_vol 1
vermis_CBLM_vol {
dentate_L_vol {
dentate_R_vol 4
dentate_L_susceptibility 4
dentate_R_susceptibility

Predictors

fa_scp 1
fa_mcp 4
fa_icp 1
md_scp 1
md_mcp 4
md_icp 4
ad_scp 4
ad_mep 4
ad_icp 4
rd_scp 4
rd_mep <

rd_icp {

sex 4

age_at_onset -
GAAT -

GAA2 4

age 4

disease_duration_to_10 4
disease_duration_10_up -
fa_scp 4
fa_mcep .

fa_icp 4

Predictors

md_scp <
md_mep 4

md_icp 4

ad_scp 4
ad_mcep 4

ad_icp -
rd_scp 4
rd_mcp -
rd_icp -

-0.5

QSM) variables (R?=0.79; RMSE =13.19). This was achieved by alpha=0, meaning, the model was only using
ridge regression. The next best performance was observed with a model that included background, structural,
and diffusion imaging variables (R*> = 0.77; RMSE=13.7). This was closely followed by the model combining
background and diffusion variables (R*> = 0.77; RMSE=13.85) and the background-only model (R* = 0.63;
RMSE =17.33). Among the neuroimaging-only combinations, the model utilising all of the imaging modalities
demonstrated the strongest predictive association with FARS, whereas the model using only QSM variables
failed to find a predictive pattern, indicated by a negative R>. The RMSE values for all model predictions were
significantly lower than the standard deviation of target variables (29.1), indicating that the models were
performing well above random chance. Figure 2 illustrates the model predictions with the top performing
combinations.

Relative contribution of variables to prediction
The standardised coefficient plots in Fig. 3 illustrate the relative contributions of each component variable in the
top-performing models. As expected from the characteristics of the elasticnet model, most features included
in the models had non-zero coefficients. The coefficient estimates associated with each variable were relatively
variable across the bootstrap samples for all the models, as evident from the x-axis data spread in (Fig. 3). This
variability is expected due to the small dataset. Positive coefficients indicate that an increase in these variables is
associated with an increase in FARS scores, while negative coeflicients indicate that an increase in these variables
is associated with a decrease in FARS scores.

Variables consistently exhibited positive coefficients across the models, as evident by the 95% confidence
intervals, included disease duration, left dentate susceptibility, the mean and radial diffusivity of inferior cerebellar
peduncles. Among these, disease duration emerged as the highest weighted predictor in the final models trained

. Background+Structural+Diffusion+QSM b. Background+Structural+Diffusion
————
RSB sex - e
e age_at_onset - e
SRR i GAAT 4 ——
b skl GAA2 4 e
et AR age - TSRS
AP r—— disease_duration_10_up - PIRSGERESS -
- disease_duration_10_up + B
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vt scp_vol 1 —e——
——— mep_vol - ]
——— icp_vol < >—
Rrashemitnl midbrain_vol - R
P pons_vol + IO
o medulla_vol ——
g R ant_CBLM_I_V_vol - e
ARG sup-post_CBLM_VI_VII_vol - e
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WSS
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— fa_mcp 4 ————
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— md_scp + e
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c. Background+Diffusion d. Background only
CEERgR
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T
et g i
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o
v
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e
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e
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Fig. 3. Relative contributions of multidomain, multimodal variables to FARS prediction with top performing
models, in a sequence from highest to lowest (a-d) performance. Red dots depict the coefficient values
obtained via bootstrapping (201 iterations). Black lines show the 95% confidence intervals for each predictor’s
coefficient. Black blobs represent the coefficients from the model trained on the complete dataset. Bars on the
right show the percentage of bootstrap samples in which a non-zero coefficient was observed.
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Composites/single bi kers | n | r2 mean_change | sd_change | d-score
Background +all_neuroimaging | 15 | 0.926 | 8.5 7.6 1.12*
FARS 3110929 | 6.7 7.6 0.88*

Table 4. Statistical measures related to disease progression sensitivity for the composites surpassing FARS
sensitivity. n no of participants, sd standard deviation, r2 pearson correlation coefficient between visit 1 and
visit 2 scores, *p <0.05 (paired t-test between visit 1 and visit 2 scores).

Background components
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Diffusion neuroimaging components
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Table 5. Composite score equation (background + structural + diffusion + QSM), as a complement or surrogate
to FARS (with the original weights of predictors estimated by the model in their original scale).

with the whole dataset. GAA1 repeat length and mean, and radial diffusivity of superior cerebellar peduncles
also showed positive weights in the majority of models and across most bootstraps.

The fractional anisotropy (fa) of the inferior cerebellar peduncles consistently emerged with negative
coefficients across the bootstrap models, exhibiting the same behaviour in the final models too. Additionally, age
at onset, volume of the superior cerebellar peduncles, anterior cerebellum (lobule I-IV) volume, right dentate
volume, and fractional anisotropy of the mid cerebellar peduncles also consistently appeared with negative
weights, with only a few exceptions in certain bootstraps.

Overall, the coefficients of the variables from the final models lie within the confidence intervals derived
from the bootstraps, indicating that the full model’s estimates are consistent with the bootstrapped estimates.
In the highest-performing model (background and all_neuroimaging), the volume of the superior cerebellar
peduncle, mean diffusivity of the superior and inferior cerebellar peduncles, and radial diffusivity of the superior
and inferior cerebellar peduncles had narrower confidence intervals, among the predictors with consistent
positive and negative weights. This suggests that these variables had the most stable coeflicient estimates across
the bootstraps as well.

Disease progression sensitivity of single variables and composites

The disease progression sensitivity scores (Cohen’s d) for the predictive composites were assessed, relative to
the performance of the FARS scale alone (d=0.88). Only the background and all-neuroimaging composite,
which had the strongest predictive association with FARS (as shown in Table 3), exceeded the d-score of FARS
(d=1.12; Table 4 and Table S1). Among the imaging biomarkers in absence of the background variables, left
dentate volume (d = —-1.13) and the QSM composite (d=1.39) also outperformed FARS (see supplementary
Tables S1 and S2). However, these variables also elicited similar d-scores in the control group, with the same sign,
indicating a similar direction of progression. This diminishes their effectiveness for clinical use. In contrast, right
dentate susceptibility showed a high d-score (d=0.8) in the FRDA group, closely aligning with FARS’s sensitivity,
while exhibiting a very low d-score (d=0.011) in the control cohort, suggesting its potential for clinical use.
Similarly, the background and structural, background and QSM, and background-only composites also showed
d-scores greater than 0.7, compatible with the sensitivity of FARS as well (Table S1).

The background and all_neuroimaging composite demonstrated a significant difference between visit 1 and
visit 2 (paired t-test; p<0.05) and a high correlation (r*), underscoring its sensitivity to changes over time and
consistency in its progression pattern. However, similar sensitivity and consistency were observed in most other
composites in the FRDA group, except for the diffusion composite (Table S1). The all-neuroimaging composite
showed high sensitivity and specificity to disease progression in the FRDA group, with a strong correlation
(r2=0.89) and significant differences between visit 1 and visit 2 (p <0.05), while in the control group, it had a
negative d-score of -0.19, a weak correlation (r2=0.32) and no significant difference between visits. None of the
other imaging composites demonstrated both high sensitivity and specificity (Table S1).

Finally, we provide the equation for calculating the composite score for the background, structural, diffusion
and QSM combination in (Table 5). This composite exhibited the highest sensitivity to disease progression, as
indicated by its d-score, and the strongest predictive association with FARS (as shown in Table 3).

Comparative analysis with SARA models
We also conducted the same analysis for SARA scores, with the results summarised in Supplementary Tables S3
and S4. The findings and insights were highly consistent with the FARS model outcomes. The background and
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all_neuroimaging composite emerged as the top surrogate candidate composite for SARA, demonstrating both
strong predictive performance for SARA (R* = 0.72, RMSE =4.68, sd of SARA scores=9.07) and sensitivity to
disease progression (d=1.09), that surpassed the performance of SARA scale (d=0.8). Surrogate composites for
SARA and FARS revealed differences in predictor combinations and their relative weights, as expected given the
unique characteristics of these scales. Altogether, these results suggest that our proposed method is an effective
approach for developing surrogate or complementary composites for traditional clinical scores.

Discussion

In this study, we developed clinically relevant multimodal composite biomarkers that demonstrated a strong
association with clinical severity and enhanced sensitivity to short-term (2-year) disease progression compared
to traditional clinical scales in FRDA. By utilising a combination of ML predictive models and statistical
analyses, we identified a weighted composite of background variables, including demographics, genetics, and
disease history, combined with multimodal neuroimaging (structural MRI, diffusion MRI, and QSM), which
proved highly predictive of FARS scores. This composite also exhibited greater sensitivity to short-term disease
progression than FARS alone or any single imaging biomarker. Furthermore, external validation using SARA
scores confirmed the robustness of this approach, with similar combinations of variables showing strong
predictability for clinical scales and highest sensitivity to disease progression. As such, these objective composite
biomarkers may offer a viable complementary or alternative measure to traditional clinical scales in clinical trials
and practice.

Recent studies in FRDA have demonstrated the potential of ML to predict disease course using clinical
scales or loss of ambulation, based on baseline demographic features*®. However, these authors suggested that
incorporating biological features, such as neuroimaging outcome measures, could enhance model accuracy and
utility. Additionally, previous studies'®~?>*° have shown that quantitative outcome measures, such as movement
measures captured by wearables could more accurately track and predict disease progression compared with
clinical scales. Our study supports and extends these findings by demonstrating higher prediction accuracy
for clinical severity when neuroimaging measures are included alongside demographic and disease-related
individual characteristics. An interesting observation is that, despite the acknowledged subjectivity and
measurement noise in clinical scales, several studies?’, including our current study, have demonstrated that
wearable-derived measures or neuroimaging composites exhibit a strong predictive relationship with FARS
or SARA scores. By leveraging machine learning’s ability to identify latent patterns within input features that
correlate strongly with FARS ratings, despite the inherent noise in FARS, these studies successfully developed
objective biomarkers that are more robust and less susceptible to measurement variability than traditional
clinical scales. This approach ensures that these biomarkers remain clinically relevant while providing greater
reliability and predictive accuracy than conventional clinical assessments.

Existing approaches in ataxia research have attempted to develop composite measures by combining clinical
assessments of movement, balance, gait, speech, and/or visual acuity measures’®**->2, or by incorporating
genetic markers and disease duration to improve the prediction of disease status or progression®*. The novelty of
our study lies in creating composite biomarkers that integrate multimodal neuroimaging data and outperform
individual clinical and neuroimaging biomarkers, as well as composites based on a single imaging modality,
in both predicting clinical severity and sensitivity to disease progression. These findings clearly suggest that
weighted composite biomarkers can surpass individual biomarkers. However, the relationship is not linear,
implying that simply summing features with their model-generated coefficients of features does not guarantee
higher sensitivity to disease progression compared to single variables. For instance, QSM composite showed
higher disease progression sensitivity than the background and QSM composite. The performance of the
composite biomarkers is thus contingent on the specific combination of features and the optimization of their
respective coefficients. Overall, the findings from this study pave the way for the development of more robust
composite scores, ultimately leading to a more holistic approach to tracking disease progression, monitoring
therapeutic efficacy, and improving management strategies for this challenging condition.

The standardised coefficient plots generated by bootstrapping revealed that the relative coefficients of
predictor variables could vary both in magnitude and direction across new datasets. However, the variables
that most consistently predicted FARS scores were well-aligned with previous studies®>>*, such as, positive
correlations of disease duration with FARS. Similarly, the predictive study by Hohenfeld and colleagues*® found
disease duration to be the most influential variable, independent of the ML techniques used, consistent with
our findings. Significant volume reduction and longitudinal alterations in the superior cerebellar peduncle
have been observed in FRDA patients, correlating with disease severity. Furthermore, grey matter alterations
in cerebellar lobules I-VI have been reported in multiple studies’®*. Higher FARS scores and in general the
disease progression were shown to be associated with reduced fa and increased md and rd values in cerebellar
peduncles”, reflecting microstructural damage in FRDA'. Several MRI studies in FRDA have identified a
reduction in dentate nucleus volume and increased magnetic susceptibility indicating iron accumulation and
showed that these changes are correlated with ataxia severity’®?. All of these findings are highly consistent with
our results.

In our study, we aimed to retain as many variables as possible within the model by leveraging elasticnet,
utilising a wide range for the mixture parameter that controlled the ratio of lasso (tends to set some coefficients
to zero, effectively performing variable selection) to ridge regression (which shrinks coefficients but keeps all
variables). These models are particularly well-suited for small datasets with a large number of features. Our
findings indicated that elasticnet, with the mixture parameter set to 0-0.02, provided the highest predictive
performance in most cases. This parameter setting leans more toward ridge regression, allowing the model to
maintain a high number of predictors with non-zero coefficients. For the final composite scores, we utilised
absolute coefficients from the model trained on the entire dataset, taking different scales into account to ensure
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practical feasibility. However, the robustness of these coefficients requires further verification and fine-tuning in
future studies using larger, more diverse samples covering a wider range of predictors and clinical scores, with
appropriate splitting into training, validation, and unseen test sets for predictive models. Optimized feature
selection techniques that incorporate biological insights, combined with more complex nonlinear ensemble ML
methods to minimize model prediction RMSEs, could lead to more powerful composite scores. The approach
emphasized in this study could be refined by selecting composite components based on broader criteria, such
as the strength of features in distinguishing between control and disease cohorts, rather than solely focusing on
predictability for FARS or SARA scores, which have notable limitations as previously discussed. Post-filtering the
components of the composites based on biological understanding and subjecting them to continuous refinement
and testing might be a suitable approach as well, for developing an efficient, concise biomarker. Additionally,
longitudinal predictive methodologies such as visit-to-visit predictions could yield a more effective composite of
disease progression and provide deeper insights.

A larger sample size and further validation are also necessary to address critical aspects of this analysis.
Both the FARS scores and the composite biomarker showed statistically significant changes over time (p <0.05),
with the composite biomarker demonstrating a stronger effect than FARS, suggesting greater sensitivity in
capturing disease progression. However, a direct comparison of their rate of change (t-test: p=0.89) showed no
significant difference. A key limitation is the relatively small changes observed in clinical scales over two years,
with FARS increasing by 6.74 (sd=7.62, n=31) and SARA by only 2.15 (sd =2.68, n=27), indicating slow disease
progression and high variability. This may impact the ability to detect meaningful changes and limits conclusions
on the composite biomarker’s superiority. Future large-scale studies would confirm these findings with greater
statistical confidence.

Personalisation of biomarkers is a critical goal of contemporary research to pave the way for precision
medicine. We have demonstrated the potential for developing personalised composite biomarkers by
incorporating components of an individual’s unique demographics, genetics, and disease history. However,
future studies should focus on achieving true personalization by generating composite biomarkers tailored to
each individual’s biological profile, resulting in individualised combinations and associated coefficients. This
approach recognizes that the relevance of various biomarkers may change across different phases of the disease
and that progression profiles in FRDA are highly heterogeneous among individuals'*. This could be achieved
by implementing cohort-specific training of ML models, with sufficient sample sizes within each cohort to
capture the variability in disease progression and biomarker significance. Such an approach will enable the
dynamic adjustment of composite biomarkers, enhancing their accuracy and clinical utility in predicting disease
progression and tailoring therapeutic interventions for individuals with FRDA.

To guide the clinical application of these composite scores, we have prioritized them by equally weighting
clinical relevance and disease sensitivity, and provided the corresponding equations. However, future researchers
and clinicians may choose to prioritise different composites based on trade-offs between clinical relevance,
disease sensitivity, and specific clinical objectives. For instance, when validating a positive FARS outcome in
a clinical trial evaluating therapeutic efficacy, a FARS-relevant biomarker composite may be more suitable.
However, a highly clinically relevant background-only composite, which includes time-varying factors like
disease duration and age at scan, would not be appropriate, as these factors do not reflect therapeutic-related
changes. Background-based biomarkers are better suited for monitoring disease progression, personalizing
care, complementing subjective clinical scales, filling in missing data, or comparing cohorts at specific time
points. In such cases, the background and neuroimaging composites should still be useful though. When the
goal is to monitor disease progression in a natural history study or to evaluate treatment efficacy with the most
sensitive measures available, clinicians may prefer composites based solely on neuroimaging, even if this comes
at the expense of relevance with clincial scores. Ultimately, the specific objective, whether disease progression
monitoring, therapeutic efficacy assessment, or another purpose, will determine the most appropriate composite
for clinical use.

Finally, as neuroimaging is not yet a standard tool in clinical care, extensive validation is necessary before
it can be widely adopted. In complex, multisystem diseases like FRDA, which remain relatively unknown and
underexplored, composites may prove particularly effective, as a single measure often fails to capture the full
scope of the condition. However, continued research into composite biomarkers using neuroimaging is essential
for advancing their use in both research and clinical practice. A key challenge in the translation of neuroimaging
composites is their cost, particularly in comparison to more cost-effective alternatives such as wearable-derived
biomarkers. While future research should explore more affordable composite biomarker solutions, neuroimaging
composites still offer distinct advantages. They provide a comprehensive evaluation of brain macrostructure
and microstructural integrity with predictive accuracy for clinical scores that is highly comparable to wearable
measures?’. At the same time, they may offer greater sensitivity and informativeness in the early to moderate
stages of the disease particularly if the progression of FRDA follows a pattern where structural and diffusion
impairments emerge before functional and clinical symptoms.

Conclusion

This study marks a pioneering effort in developing clinically relevant, multimodal, highly sensitive, and fully
objective composites for biomarker research and disease progression in FRDA. By employing classical ML
techniques, we have demonstrated the potential to create stronger composite biomarkers of disease progression,
compared to individual biomarkers, enhancing the monitoring of FRDA progression. This work lays the
groundwork for future investigations into composite biomarkers for FRDA incorporating additional modalities,
larger sample sizes, and more advanced ML techniques. Our findings highlight the importance of multimodal
data and predictive modelling in advancing biomarker development for FRDA and potentially other rare
neurodegenerative diseases.
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Data availability

The original IMAGE-FRDA datasupporting the findings of this study will be made available upon reasonable-
request to the corresponding author, subject to privacy considerations anddata-sharing agreements. However,
minimal datasets containing all predictor andtarget feature values required to replicate the findings will be made
readilyavailable to reviewers upon request, in accordance with journal policies. All codebases developed for this
study will be openly accessible on a publicrepository upon publication to ensure transparency, reproducibility,
and fosterfurther research collaboration.
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