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F riedreich ataxia (FRDA) is an inherited multisystem disease 
that includes progressive degeneration of the spinal cord, brain-

stem, cerebellum, and targeted regions of the cerebrum (1). MRI 
plays a crucial role in noninvasively characterizing disease-related 
brain changes and potentially providing biomarkers for patient 
stratification and treatment monitoring in clinical trials (2). Al-
though the exact sequence of neuroanatomic changes occurring in 
the brain of individuals with FRDA is not definitely established, 
histologic and MRI studies have identified the above-mentioned 
brain regions as prominently involved in the neurodegenerative 
processes occurring in this condition and have provided insights 
into the evolution of the disease over time (3–6). On the other 
hand, there is substantial interindividual heterogeneity in the rate 
of progression and symptom profile of FRDA that remains poorly 

understood. This gap in knowledge, only partially explained by 
known genetic factors, such as GAA triplet-repeat expansion 
length in the FXN gene (7), highlights the need for novel imaging 
biomarkers that may enable more refined patient stratification. 
Indeed, as the drug development pipeline and initiation of clinical 
trials continue to expand, the need to meaningfully account for 
disease heterogeneity and stratify individuals with FRDA remains 
critical and is gaining urgency (8,9).

Quantitative MRI investigations of brain structure provide a 
viable approach to address this need. However, most MRI studies 
in individuals with FRDA to date have relied on small sample 
sizes, limiting the statistical power, the generalizability of the find-
ings, and the ability to reliably model disease-related variability. 
The ENIGMA-Ataxia working group (https://enigma.ini.usc.edu/
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ongoing/enigma-ataxia/) was formed to address this issue, opening 
new research opportunities by aggregating the data of patients 
with ataxias from multiple sites worldwide. The first study of 
the ENIGMA-Ataxia working group comparing patients with 
FRDA and healthy controls confirmed that volume loss in the 
brainstem, dentate nucleus, and cerebellar peduncles is a robust 
and early feature of the disease, followed by the involvement of 
the cerebral white matter, particularly in corticospinal pathways, 
with cerebellar and cerebral sensorimotor gray matter loss as later 
characteristics (3). However, participants in that study were strati-
fied based on a coarse subgrouping relying on arbitrary cutoffs 
of onset age and symptom duration, and the possible existence 
of different groups exhibiting distinct trajectories of neurode-
generation progression was not considered (3). Indeed, FRDA 
is known to be phenotypically heterogeneous, with the interindi-
vidual variability possibly reflecting the existence of distinct latent 
disease subtypes and corresponding underlying pathophysiologic 
mechanisms (9). In this context, the recent development of ma-
chine learning algorithms in the field of data-driven disease pro-
gression modeling, combined with the increasing availability of 
large-scale neuroimaging datasets such as ENIGMA-Ataxia, of-
fers new opportunities to objectively characterize the temporal 
and phenotypic heterogeneity of FRDA. In particular, the Sub-
type and Staging Inference (SuStaIn) algorithm (10) has emerged 
as a powerful solution to simultaneously model temporal and 
phenotypic heterogeneity in different neurologic conditions by 
inferring disease trajectories from cross-sectional data, without 
the need for multiple visits per patient (11–13).

This study aimed to obtain a structural MRI–based stratifica-
tion of participants with FRDA using the SuStaIn algorithm and 
determine whether these subgroups are biologically meaningful 
and clinically relevant.

Materials and Methods

Study Sample
In this secondary analysis of prospectively acquired data, par-
ticipants from the ENIGMA-Ataxia working group (https://

Abbreviations
FRDA = Friedreich ataxia, SuStaIn = Subtype and Stage Inference

Summary
Using a machine learning approach, three distinct structural MRI–based 
biological subtypes of Friedreich ataxia were identified, with different 
patterns of brain degeneration and associations with clinical severity.

Key Results
	■ In this secondary analysis of 565 participants, the Subtype and Stage 
Inference (SuStaIn) algorithm was applied to brain MRI of participants 
with Friedreich ataxia and identified three subtypes: “classical” 
(66.5% [183 of 275 participants]), “early cerebral” (25.8% [71 of 275 
participants]), and “early cerebellar” (7.64% [21 of 275 participants]).

	■ The classical subtype was characterized by an ascending gradient of 
damage from brainstem to cerebellar cortex to cerebrum, the early 
cerebral subtype was characterized by cerebral atrophy preceding 
the involvement of cerebellar cortex, and the early cerebellar 
subtype showed cerebellar lobule atrophy before upper brainstem 
or cerebral involvement.

	■ Advanced disease stages were associated with greater symptom 
duration (B = 0.422, P < .001) and severity (B = 1.182, P < .001).

enigma.ini.usc.edu/ongoing/enigma-ataxia/) were included. Writ-
ten informed consent was obtained from each participant inde-
pendently at each center, while multisite data aggregation and 
analysis were approved by the Monash University Human Re-
search and Ethics Committee (project no. 12372). 

Previously collected and analyzed T1-weighted MRI and  
clinical-demographic data of participants with FRDA and healthy 
participants of comparable age and sex (controls) from across 12 
research centers were analyzed (3). Individuals with FRDA were 
genetically confirmed to have biallelic mutations in intron 1 of 
the FXN gene.

MRI Data Acquisition
The structural volumetric MRI data used in this study consisted 
of three-dimensional T1-weighted anatomic images obtained 
with 3-T or 1.5-T scanners with a voxel size of no greater than  
1 mm3 (Table S1). All participants from each center were scanned 
using the same MRI protocol, ensuring internal consistency 
within each site.

Image Processing
Details of the image processing pipeline are provided by Hard-
ing and colleagues (3). Briefly, images were processed with the 
Computational Anatomy Toolbox (CAT12 version 12.5; https://
neuro-jena.github.io/cat/) for the quantification of cerebral gray 
matter and whole-brain white matter volumes and with the Spa-
tially Unbiased Infratentorial Toolbox (SUIT version 3.2; www. 
diedrichsenlab.org/imaging/suit.htm) for cerebellar gray matter 
volume, using default settings. Preprocessing steps included seg-
mentation into gray and white matter, normalization to standard 
space, and modulation by the Jacobian determinants derived dur-
ing both linear and nonlinear spatial normalization to preserve 
volume encoding (15). Brain regions were defined according to 
the Harvard-Oxford cortical and subcortical atlases for cerebral 
gray matter, the Johns Hopkins University tractography atlas 
from the FMRIB Software Library (fsl.fmrib.ox.ac.uk, version 
6.0) for cerebral white matter, the FreeSurfer subcortical atlas 
for the brainstem, the van Baarsen cerebellar white matter atlas 
for cerebellar peduncles (16), and the SUIT atlas for cerebellar 
gray matter lobules and dentate nuclei (17,18), for a total of 128 
regions of interest. Regional volumes were calculated by multi-
plying the mean intensity of all voxels in the modulated tissue 
map (encoding local volume) within each region of interest by 
the total number of voxels in that region of interest. To elimi-
nate nonbiological site-related variability, regional brain volumes 
were harmonized for center biases using ComBat (19,20) while 
preserving the variance associated with age, sex, and diagnosis 
(FRDA vs controls).

Clinical Evaluation
Disease severity was quantified using one of the following vali-
dated clinical scales: the Friedreich Ataxia Rating Scale (or FARS), 
the Scale for Assessment and Rating of Ataxia (or SARA), or the 
International Cooperative Ataxia Rating Scale (or ICARS), with 
higher scores indicating greater clinical severity. Disease severity 
measures for the different FRDA cohorts are reported in Table 
S2. To aggregate clinical scores across sites, we used the regres-
sion coefficients for scale interconversion provided by Rummey 
and colleagues (14), thus obtaining a single harmonized disease 
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severity score for all participants, expressed according to the FARS 
scale. Symptom duration was defined as the time elapsed between 
the onset of the first clinical symptoms attributable to the disease 
and the date of MRI.

Statistical Analysis
A flowchart summarizing the main data processing and analysis 
steps is depicted in Figure 1.

SuStaIn modeling
SuStaIn is an unsupervised machine learning algorithm (ie, ca-
pable of learning patterns from unlabeled data) that combines 
concepts from clustering and event-based modeling to infer data-
driven subgroups characterized by common patterns of disease 
progression (subtypes) and individual severity (stages), even from 
purely cross-sectional data. In its most common implementa-
tion, disease progression is described as the linear evolution of 
biomarkers along discrete levels of cumulative alteration, defined 
in terms of deviation from a reference norm (z scores). Meth-
odologic aspects of the SuStaIn algorithm are described in detail 
by Young and colleagues (10) and in the corresponding GitHub 
repository (https://github.com/ucl-pond/pySuStaIn).

As SuStaIn can be computationally demanding for large num-
bers of biomarkers, and its performance depends on the balance 
between sample size and the number of biomarker events, we 
reduced dimensionality through a biologically informed feature 
selection procedure. First, data were summed across the equiva-
lent regions in the left and right hemispheres to provide a single 
measure for each structure, supported by previous work indicat-
ing that brain atrophy is not likely lateralized in FRDA (3). Then, 
features that had at least a moderate between-group effect size 
(FRDA vs controls Cohen d > 0.5, adjusted for age, sex, and in-
tracranial volume) were selected. The volume of each region was 
then converted to a z score with reference to the control group, 
adjusting for the physiologic effects of age, sex, and intracranial 
volume. Specifically, for each regional volume, a linear model 

with the confounders as independent variables was fit in the 
control group and used to generate predictions in participants 
with FRDA. Confounder-adjusted measures were obtained as the 
difference between raw and predicted values and standardized as 
follows: individual z score = (individual corrected value − mean 
of corrected values in the control group)/SD of corrected values 
in the control group (12). The signs of the z scores were flipped 
so that more positive values correspond to greater atrophy. To 
reduce computational complexity and ensure a balance between 
the number of biomarker events and sample size, analyses were 
focused on a single biomarker abnormality level, defined for a z 
score greater than 2 (10).

SuStaIn models with one, two, three, or four subtypes were 
trained and evaluated using 10-fold cross-validation. The num-
ber of subtypes that maximized the out-of-sample likelihood (and 
minimized the cross-validation Information Criterion) across 
cross-validation folds was considered to be optimal. The consis-
tency of each subtype progression pattern across cross-validation 
folds (cross-validation similarity) was estimated with the Bhat-
tacharyya coefficient, measuring the degree of overlap between 
two statistical samples (21). Finally, a model with the optimal 
number of subtypes was fitted to the whole dataset and used to 
obtain a probabilistic assignment of each participant with FRDA 
to a specific subtype and stage within a subtype. The assignment 
with the highest probability was used for further analyses.

Relationship between SuStaIn stratification and clinical features
To assess clinical-demographic correlates of the SuStaIn subtypes, 
we performed one-way analysis of variance (ANOVA) or χ2 test 
analyses as appropriate to compare age, sex, onset age, symptom 
duration, disease severity, and length of the triplet repeat expan-
sion in the FXN gene (shorter allele, GAA1), and site provenance 
between participants assigned to each subtype. Associations be-
tween SuStaIn stage and symptom duration and severity were 
also investigated using linear models controlling for age, age2 (to 
account for the non-linear effect of age), and sex.

Figure 1:  Outline of the main data processing and analysis steps. Structural MRI–derived brain volumes of participants with Friedreich ataxia (FRDA) are z-scored based on 
normative distributions in healthy controls and used as input for Subtype and Stage Inference (SuStaIn). Ten-fold cross-validation is conducted to determine the optimal number of 
subtypes and the consistency of progression patterns. GM = gray matter, WM = white matter.



Radiology: Volume 318: Number 3—March 2026  ■  radiology.rsna.org� 4

Identification of Biological Subtypes of Friedreich Ataxia Pontillo et al

Additionally, to assess whether the relationship between stage 
and symptom severity and/or duration varied across subtypes, we 
tested the possible moderation effects of SuStaIn subtype by adding 
it and its interaction with stage to the models. Finally, we aimed 
to investigate the added value of the proposed data-driven staging 
in explaining clinical severity over an established MRI biomarker: 
using the Akaike Information Criterion and the likelihood ratio 
test, we evaluated the above-mentioned model against a baseline 
including demographic variables and the adjusted and standard-
ized volume of the medulla, which has been previously reported 
as showing the greatest deviation from the healthy norm in this 
population (3). Statistical analyses were carried out using R (ver-
sion 4.1.2), with a statistical significance level set at P < .05 (G.P.).

Results

Participant Characteristics
This study included 565 participants (mean age, 32 years ± 13.1 
[SD]; 286 women; 275 participants with FRDA and 290 healthy 
controls) (Table 1).

SuStaIn Modeling Identifies Three Neurostructural  
Subtypes of Brain Degeneration in FRDA
The volumes of 21 brain regions survived the feature selection 
procedure, confirming established knowledge on this condi-
tion and including areas of the cerebral gray matter (precentral 
gyrus), white matter (cortico-spinal tract, anterior thalamic ra-
diation, forceps major, superior longitudinal fasciculus, and 
inferior fronto-occipital fasciculus), the brainstem (midbrain, 
pons and medulla), cerebellar peduncles (inferior, superior, 
and middle), the dentate nucleus, and most cerebellar lobules  
(I–IV, X, VI, V, crus I, crus II, VIIb, IX) (Fig 2). The impact 
of ComBat harmonization on volume distributions is shown in 
Figure S1, while the effect sizes for all explored brain regions are 
provided in Figure S2.

The three-subtype model below was modestly superior 
to the two-subtype model, yielding the highest average log- 
likelihood (and lowest cross-validation Information Criterion) 
across cross-validation folds (Figs S3, S4). Each of the three sub-
types was defined by distinct trajectories of brain atrophy pro-
gression (Fig 3). All three subtypes were characterized by initial 
volume loss in the ascending spinocerebellar tract (ie, inferior 
cerebellar peduncle), cerebello-cerebral tract (ie, superior cer-
ebellar peduncle), and medulla. Thereafter, the progression pat-
terns diverged according to a “classical” subtype (66.5% [183 of 
275] of participants), where atrophy of the dentate nucleus, up-
per brainstem, cerebro-cerebellar pathway (ie, middle cerebellar 
peduncles), and corticospinal tracts was followed by the cerebel-
lar lobules, the supratentorial association tracts, and, finally, the 
precentral gyrus; an “early cerebral” subtype (25.8% [71 of 275] 
of participants), whereby atrophy of the supratentorial associa-
tion tracts and precentral gyrus preceded the involvement of the 
cerebellar lobules; and an “early cerebellar” subtype (7.7% [21 
of 275] of participants), where cerebellar lobule atrophy pre-
ceded the involvement of the dentate nucleus and upper brain-
stem before progressing to the supratentorial association tracts 
and precentral gyrus.

Example images of participants with FRDA assigned to the 
three subtypes identified by SuStaIn are shown in Figure 4.

The progression patterns demonstrated high consistency 
across cross-validation folds, with mean cross-validation simi-
larity of 0.98 ± 0.01, 0.96 ± 0.03, and 0.99 ± 0.01 for the clas-
sical, early cerebral, and early cerebellar subtypes, respectively 
(Fig S5).

Determining the optimal number of subtypes requires a care-
ful balance between model complexity (ie, the number of sub-
types), goodness-of-fit, and biologic plausibility and may involve 
a degree of arbitrariness. Consequently, the relatively simpler 
model with two subtypes is presented in Figure S6, which sub-
stantially corresponds to the classical and early cerebral subtypes.

Table 1: Demographic and Clinical Characteristics of the Studied Participants

Participant and  
Study Location No. of Participants

Sex*

Age (y) Onset Age (y) Symptom Duration (y)Female Male
FRDA
  Aachen 26 12 (46.2) 14 (53.8) 36 ± 12.2 16.7 ± 7.7 19.7 ± 9.6
  Bologna 17 9 (52.9) 8 (47.1) 29 ± 12.8 8.9 ± 4.7 20.5 ± 11.4
  Campinas 52 33 (63.5) 19 (35.5) 30 ± 13.6 18.2 ± 9.4 11.6 ± 9.2
  Conegliano 39 20 (52.3) 19 (47.7) 23 ± 11.3 11.3 ± 7.1 11.6 ± 8.0
  Essen 15 9 (60.0) 6 (40.0) 44 ± 11.3 21.4 ± 7.2 22.7 ± 8.4
  Florence 17 9 (52.9) 8 (47.1) 32 ± 9.7 18.2 ± 9.0 14.2 ± 8.2
  Innsbruck 13 6 (46.2) 7 (53.8) 46 ± 12.3 25.7 ± 12.2 20.3 ± 9.1
  Melbourne I 31 14 (45.2) 17 (54.8) 37 ± 13.0 19.5 ± 8.8 17.0 ± 9.5
  Melbourne II 13 4 (30.8) 9 (69.2) 29 ± 7.3 15.0 ± 4.0 13.5 ± 5.3
  Minnesota 19 10 (52.6) 9 (47.4) 19 ± 7.4 13.8 ± 5.8 4.7 ± 3.1
  Naples 19 6 (31.6) 13 (68.4) 28 ± 14.1 17.1 ± 9.9 11.6 ± 7.0
  Tubingen 14 4 (28.6) 10 (71.4) 32 ± 11.4 17.7 ± 8.7 14.1 ± 6.9
  All participants with FRDA 275 136 (49.5) 139 (50.5) 31 ± 13.6 16.6 ± 9.0 14.4 ± 9.5
Healthy controls 290 150 (51.7) 140 (48.3) 32 ± 12.6 NA NA
Note.—Table shows characteristics of participants with Friedreich ataxia (FRDA) and healthy control participants across 12 study sites. 
Except where indicated, data are means ± SDs. NA = not applicable.
* Data are numbers of participants, with percentages in parentheses.
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Clinical Correlates of the MRI-based Stratification
There was no evidence of a difference between the three MRI-
based subtypes in terms of sex, age, onset age, symptom dura-
tion, clinical severity, GAA triplet repeats (Table 2, Fig S7), or 
site provenance (P = .84, χ2 test) (Fig S8). A difference in SuStaIn 
stage was evident between subtypes, with average biologic disease 
stage of the participants in each subgroup having progressively 
higher values going from the classical to the early cerebellar sub-
types (F[2, 272] = 3.72, P = .03).

SuStaIn stage was associated with symptom duration (un-
standardized coefficient B = 0.422, standard error = 0.065,  
P < .001), with greater disease duration corresponding to more 
advanced MRI disease stages. This is an expected effect, given 
that SuStaIn stages reflect the progression of atrophy patterns 
and provides a sanity check of the outcomes. Of greater inter-
est, the strength of this relationship was moderated by SuStaIn 
subtype, with participants belonging to the classical (B = 0.526) 
and early cerebellar (B = 0.279) subtypes having a stronger as-
sociation between MRI stage and symptom duration than those 
with the early cerebral subtype (B = 0.159) (interaction term  
early cerebral subtype × stage: B = −0.381, standard error = 0.161, 
P = .02) (Fig 5A, Table S3).

Similarly, MRI-based SuStaIn stage was also associated with 
disease severity as expressed by the harmonized Friedreich Ataxia 
Rating Scale (B = 1.182, standard error = 0.201, P < .001), with 
greater disease severity associated with more advanced MRI stage  
(Fig 5B, Table S4). Again, participants assigned to the early 
cerebral subtype exhibited a less steep positive relationship  
(B = 0.540) between stage and severity relative to those with clas-
sical (B = 1.401) and cerebellar cortex (B = 0.905) subtypes (inter-
action term early cerebral subtype × stage: B = −0.925, standard 
error = 0.410, P = .02) (Fig 5B, Table S4). When adjusting for 
demographic variables, SuStaIn stage explained clinical severity 

better (Akaike Information 
Criterion: 1939 vs 1945) 
and beyond (P = .005, like-
lihood ratio test) medullary 
atrophy (Table S5).

Finally, similar clinical 
correlates were observed 
for the two-subtype model 
(Figs S9–S11, Tables 
S6–S9).

Discussion
Using Subtype and Stage 
Inference (SuStaIn), we 
identified three distinct 
imaging-based subtypes of 
Friedreich ataxia, charac-
terized by different trajec-
tories of brain atrophy. This 
MRI-based stratification 
was both biologically plau-
sible and clinically relevant, 
paving the way for future 
studies investigating both 
its potential as a novel tool 
for patient stratification in 

clinical and research settings and underlying disease mechanisms.
In most cases, participants with FRDA followed an “ascend-

ing” pattern of brain damage, from the medulla and inferior cer-
ebellar peduncle to the cerebellum, to later involvement of the 
supratentorial compartment at the level of the motor cortex and 
major association tracts. We labeled this pattern the classical sub-
type, as it is consistent with the established neuropathology of 
FRDA, with the dorsal root ganglia and/or dorsal columns and 
the dentate nuclei recognized as primary sites of pathology, and 
transneuronal degeneration identified as a likely mechanism driv-
ing the spread of damage across the brain (22,23). Along with 
this classical subtype, we identified two additional MRI-based 
subtypes that we respectively defined as early cerebral and early 
cerebellar. While the involvement of supratentorial areas and the 
cerebellar cortex is a known feature of FRDA (5,24,25), atro-
phy of these regions is often reported as a late-stage phenomenon 
(3,26). The identification of subgroups in which these regions are 
impacted earlier in the disease course suggests that the SuStaIn al-
gorithm is able to uncover minority subtypes that may have been 
obscured in previous group-level analyses. This result corrobo-
rates the importance of explicitly modeling intersubject heteroge-
neity to fully characterize and stratify cohorts of individuals with 
neurodegenerative diseases (10). Interestingly, atrophy of the cer-
ebellar cortex tended to follow the same anteroposterior gradient 
in all three MRI subtypes, confirming the higher vulnerability to 
FRDA-related damage of the motor cerebellum compared with 
cerebellar areas associated with premotor and cognitive functions 
(3,27,28).

The question remains as to the source of the observed phe-
notypic heterogeneity and the possibility of different underlying 
pathophysiologic mechanisms. While the absence of more granu-
lar disease feature testing (ie, subscales) prevented us from assess-
ing possible finer clinical correlates of the proposed stratification, 

Figure 2:  Diagram shows results of the feature selection procedure. Brain regions whose volume survived the feature selection pro-
cedure (ie, associated with a moderate to large effect size upon comparison with healthy controls) are presented, encompassing the 
cerebral gray matter (precentral gyrus) and white matter (cortico-spinal tract [CST], anterior thalamic radiation, forceps major, superior 
longitudinal fasciculus [SLF], and inferior fronto-occipital fasciculus [IFOF]), the brainstem (midbrain, pons, and medulla), cerebellar pe-
duncles (inferior, superior, and middle), and the dentate nucleus and cerebellar lobules (I–IV, X, VI, V, crus I, crus II, VIIb, IX). ICP = inferior 
cerebellar peduncle, MCP = middle cerebellar peduncle, SCP = superior cerebellar peduncle.
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Figure 3:  Representation of the three MRI-based subtypes. (A) Positional variance diagrams show the ordered sequence of abnormality events for the three MRI-based sub-
types. Each entry describes the probability for each biomarker (y-axis) of becoming abnormal (ie, z score >2) at each Subtype and Stage Inference (SuStaIn) stage (x-axis). The 
color shade reflects the uncertainty (ie, the cumulative probability) associated with the corresponding biomarker event. (B) Graphical snapshots at stages 3, 8, 13, and 18 (chosen 
as representative examples uniformly sampling the progression trajectories) show the sequence of biomarker abnormalities for the three subtypes. Dark gray regions of interest are not 
included in the model. Selected regions of interest are shown in red or light gray according to whether the corresponding biomarkers have become abnormal at the presented stage. 
CST = cortico-spinal tract, ICP = inferior cerebellar peduncle, IFOF = inferior fronto-occipital fasciculus, MCP = middle cerebellar peduncle, SCP = superior cerebellar peduncle, 
SLF = superior longitudinal fasciculus.



Radiology: Volume 318: Number 3—March 2026  ■  radiology.rsna.org� 7

Identification of Biological Subtypes of Friedreich Ataxia Pontillo et al

the MRI-based subtypes did not significantly differ in terms of 
clinical-demographic variables. This suggests that the subtyping 
was capturing latent disease “biotypes” rather than separating dis-
tinct demographic/clinical groups. However, the subgroups did 
not differ in terms of GAA1 triplet repeat length either, implying 
that the root of this disease-related variance might be non-genetic. 
Indeed, there are numerous reports of epigenetic heterogeneity 
among individuals with FRDA (29–34), which might be respon-
sible, at least in part, for the observed interindividual variability. 
Further investigation of this interesting hypothesis is necessary.

When looking at the disease dynamics, higher MRI-based 
stages were associated with longer symptom duration and 
greater clinical severity, confirming that the proposed strati-
fication is biologically meaningful and clinically relevant, as it 
captures the progressive nature of the disease and related dis-
ability. Interestingly, in participants with the early cerebral sub-
type, the slope of the associations between stage and duration 
and/or severity was significantly less steep relative to the other 
subtypes. Notably, this distinction occurs despite there being 
no significant differences in any demographic or clinical vari-
able between subgroups. While these data-driven subtypes may 
not correspond to clearly separable clinical phenotypes, the ob-
servation that one of them is associated with a distinct clini-
cal trajectory suggests that subtyping can reveal latent biologic 
heterogeneity that is not captured by traditional labels, uncov-
ering clinically meaningful differences that would remain oth-
erwise undetected. Furthermore, while the explanatory power 
of our data-driven stratification for measures of clinical status 

was relatively modest, this result is consistent with the known 
clinical-radiologic dissociation in FRDA, where conventional 
neuroimaging markers only partially reflect disease severity. In 
this light, the ability to account for approximately one quarter 
of the variance in clinical scores using MRI-derived subtype 
and stage, together with age and sex, supports the value of 
structural imaging as a clinically meaningful tool for patient 
stratification. Although it is not possible to draw definitive 
conclusions, compelling hypotheses emerge from this observa-
tion. Given the relative sparing of the cerebellar cortex until 
later in the disease course in this group, this finding may in-
dicate that cerebellar cortical changes are key determinants or 
modifiers of ataxia progression, in addition or interaction with 
atrophy in “core” regions of pathology including the dentate 
nuclei and cerebellar peduncles. Indeed, volume loss in the cer-
ebellar cortex is associated with increased clinical severity and 
poorer motor functions in individuals with FRDA (26,35,36), 
as well as greater disruption of large-scale brain network in-
tegrity and function (37–40). Taken together, integrity of the 
cerebellar cortex may be a key determinant of interindividual 
variability in the disease course.

Alternatively, these distinctions may reflect differential rates 
of change through the disease stages between subgroups. It is 
important to note that only the sequence, not the timescale, of 
biomarker abnormalities is estimated within the SuStaIn frame-
work, meaning that the stages merely reflect the evolution of the 
spatial pattern of atrophy, but the average time to pass from one 
stage cannot be inferred and may vary across subtypes. Therefore, 

Figure 4:  Example images in three patients with Friedreich ataxia (FRDA) assigned to different Subtype and Stage Inference (SuStaIn) subtypes. Multiplanar reconstructions 
(from left to right: axial, coronal, sagittal) from a three-dimensional T1-weighted sequence in three participants with FRDA selected to match site, sex, and age across subtypes. 
The three participants with FRDA were assigned to three different SuStaIn subtypes, but on conventional images they appear largely similar with only minor distinctions (eg, a 
slightly more pronounced cerebellar involvement in the early cerebellar subtype, indicated by the arrow in C, compared with the arrow in A and B), underscoring the added 
value of SuStaIn over visual analysis in capturing disease-related heterogeneity.
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a stronger linear relationship between symptom duration and 
biologic stage may reflect a more temporally consistent spatial 
progression, while greater temporal variability (eg, progressing 
quickly through some stages and slowly through others) would 
weaken this linear trend. The potential for these subtypes to have 
a different rate of biologic progression is an important hypothesis, 
requiring future follow-up with longitudinal data.

Several limitations were inherent to our study. First, the ab-
sence of follow-up examinations or the abovementioned lack 

of clinical subscales prevented us from evaluating our results 
longitudinally and assessing the prognostic value and the finer 
clinical correlates of the proposed stratification. In this regard, 
our study highlights the utility and power of a multisite data 
aggregation approach in this rare disease, but at the cost of 
limited availability of deeper clinical phenotypic measures. Fu-
ture studies leveraging harmonized, prospective designs, such 
as TRACK-FA (41), will be critical to corroborate these pat-
terns and clarify how data-driven subtypes may support patient 

Table 2: Demographic and Clinical Characteristics of Participants with FRDA according to MRI-based Subtype

Parameter Classical Subtype Early Cerebral Subtype Early Cerebellar Subtype P Value
No. of participants* 183 (66.5) 71 (25.8) 21 (7.6) NA
Sex* .26†

  Female 91 (49.7) 38 (53.5) 7 (33.3)
  Male 92 (50.3) 33 (46.5) 14 (64.7)
Age (y) 31.8 ± 13.2 29.0 ± 14.6 31.7 ± 13.9 .34‡

Onset age (y) 17.2 ± 8.9 14.9 ± 9.2 17.6 ± 8.5 .18‡

Symptom duration (y) 14.6 ± 9.4 14.1 ± 9.6 14.2 ± 10.5 .93‡

Harmonized FARS§ 47.8 ± 16.6 49.1 ± 13.6 49.7 ± 21.2 .80‡

SuStaIn stage 5.7 ± 5.6 6.9 ± 4.9 8.8 ± 4.8 .03‡

GAA1 triplets|| 561.5 ± 209.9 598.0 ± 251.0 496.5 ± 237.4 .34‡

GAA2 triplets# 905.1 ± 184.1 795.1 ± 163.3 744.3 ± 255.0 .21‡

Note.—Participants assigned to the different subtypes were not significantly different in terms of demographic and clinical characteristics. 
Unless otherwise specified, data are means ± SDs. FARS = Friedreich’s Ataxia Rating Scale, FRDA = Friedreich ataxia, NA = not applicable, 
SuStaIn = Subtype and Stage Inference.
* Data are numbers of participants, with percentages in parentheses.
† Determined with the χ2 test.
‡ Determined with the one-way analysis of variance test.
§ Data are for 237 participants.
|| There were 162 participants with this finding.
# There were 33 participants with this finding.

Figure 5:  Relationships between MRI-based subtype, stage, and clinical variables. Interaction plots show how the marginal effects of Subtype and Stage 
Inference (SuStaIn) stage (x-axis) on (A) symptom duration and (B) disease severity vary across SuStaIn subtypes. Regression models were corrected for the 
effects of age, age2, and sex. Each data point represents one participant. Linear fit lines are shown as solid lines with corresponding 95% CIs as shaded areas. 
FARS = Friedreich Ataxia Rating Scale.
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stratification in both diagnostic and therapeutic contexts. Fur-
thermore, we only evaluated macroscopic regional brain volume 
obtained from T1-weighted MRI. Although this is the most 
widely accessible imaging modality in clinical and research set-
tings, which maximizes translational opportunities, including 
information from additional MRI modalities (eg, tissue mi-
crostructure from diffusion-weighted imaging) might provide 
a more comprehensive characterization of FRDA-related brain 
damage. In addition, due to the need for data dimension reduc-
tion, we focused our analysis only on brain regions with the 
most prominent FRDA-related atrophy and neglected the pos-
sible contribution of neurodegeneration in more subtly affected 
brain regions (ie, frontal or parietal cortices) to interindividual 
variability in disease expression. Although we focused on the set 
of regions predominantly affected by FRDA, future work may 
explore other approaches encompassing, for example, feature 
aggregation, additional MRI modalities, or alternative disease 
progression modeling algorithms, to obtain a more comprehen-
sive mapping of the brain. This could provide a broader pic-
ture of disease heterogeneity and help identify subtypes beyond 
those predominantly driven by well-established neuroanatomic 
alterations. Furthermore, in the preprocessing phase of the 
analysis workflow, we performed cross-site harmonization and, 
especially, feature selection on the entire dataset, a procedure 
that is susceptible to data leakage and might lead to overfitting 
of the models (42,43). However, feature selection was obtained 
by comparing patients to controls who were not included in 
the SuStaIn models, and results were fully consistent with those 
in the previous literature, suggesting that no new information 
derived from the entire dataset was introduced at this stage and 
making the risk of overfitting relatively limited. Finally, the lack 
of external testing may limit the cross-site generalizability of 
our findings, warranting replication in even larger and unseen 
FRDA cohorts when these become available.

In conclusion, using a machine learning approach that uses 
biologically informed feature selection and unsupervised dis-
ease progression modeling, three distinct MRI-based biologic 
subtypes of Friedreich ataxia (FRDA) were identified, each 
with different patterns of brain degeneration and associations 
with clinical severity. Nevertheless, further work is needed to 
elucidate the pathophysiologic mechanisms underlying the 
observed subtypes and to assess whether this stratification 
can support enrichment strategies for clinical trials, treatment 
monitoring, and, ultimately, personalized clinical manage-
ment in FRDA.
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