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Precise disease heterogeneity

and progression quantification in
MSA and Parkinson’s disease using
machine learning
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Disease progression in multiple system atrophy (MSA) and Parkinson’s disease (PD) shows marked
patient-to-patient heterogeneity. We hypothesize that machine learning methods applied to
multimodal MRI data would aid in optimally identifying critical brain regions impacted in each patient,
improve disease differentiation and longitudinal tracking. Using structural and diffusion MRI of MSA
(cerebellar and parkinsonian subtypes), PD, and normal participants, we trained binary classifiers

and utilized Shapley Additive exPlanations (SHAP) to quantify feature contributions to derive
heterogeneity scores (HET). HET outperformed commonly available imaging tools when differentiating
between MSA and PD, strongly correlated with clinical markers, and sensitively tracked longitudinal
disease progression. HET correctly identified olivopontocerebellar atrophy and striatonigral
degeneration as important for disease identification, shed light on the spatio-temporal disease
progression, and identified widespread white matter involvement in MSA. Our machine learning
approach quantifies MSA and PD heterogeneity and provides a patient-specific measure for precise
disease quantification and longitudinal tracking.

Multiple system atrophy (MSA) and Parkinsons disease (PD) are distinct a-synucleinopathies, each
characterized by unique patterns of neurodegeneration and clinical trajectories'. Idiopathic PD is characterized
by the pathological loss of dopaminergic neurons within the substantia nigra, in the presence of intraneuronal
Lewy body inclusions composed of a-synuclein?Z. MSA involves degeneration of striatonigral (SN) and
olivopontocerebellar structures accompanied by widespread oligodendroglial cytoplasmic inclusions of
a-synuclein’®. Although clinical and pathologic manifestations often overlap, MSA can be differentiated into
two main phenotypes: the cerebellar subtype (MSA-C) and the parkinsonian subtype (MSA-P)* Along with
cerebellar and brainstem atrophy, MSA-C is characterized by prominent olivopontocerebellar atrophy (OPCA)
which manifests as gait ataxia, dysarthria, and the classic “hot cross bun” sign on T2-weighted magnetic
resonance imaging (MRI) images®. On the other hand, MSA-P is dominated by SN degeneration, resulting in
parkinsonian features, putaminal atrophy, and a lateral putaminal hyperintense rim>.

Imaging studies using diffusion MRI have demonstrated higher mean diffusivity (MD) in the middle
cerebellar peduncles and cerebellum in MSA-C?, consistent with cerebellar region degeneration®, and elevated
MD in the putamina of MSA-P patients even in early disease stages’. While diffusion changes in PD are generally
less pronounced, reductions in fractional anisotropy (FA) in the substantia nigra and other regions have been
reported when compared to healthy controls®. Distinguishing MSA-P from PD can also be challenging’,
especially in the early stages of the disease resulting in high rates of MSA misdiagnosis'®. Hence, there is a
need for advanced analysis techniques such as machine learning (ML) methods that make use of multimodal
imaging to better discriminate MSA and PD by considering heterogeneity of the diseases and identify their
unique neurodegenerative patterns. In recent years, deep learning (DL) has been applied on MRI images to
distinguish between PD and MSA!!. While such efforts have proven useful to identify predictive features, there
has been limited work on imaging markers that quantify longitudinal changes that drive MSA and PD'2, and
even less work to construct a summary measure that correlates well with clinical outcomes and captures disease
heterogeneity.
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One notable effort is the manually constructed MSA-atrophy index (AI) which is derived by averaging the
z-scores of lentiform nucleus (putamen and globus pallidus) and the olivopontocerebellar (cerebellum and
brainstem) regions'®. However, given disease progression differences across individuals, we hypothesize that
an ML-based summary metric would optimally identify critical regions specific to individual patients to help
advance our understanding of the neurodegenerative mechanisms of MSA-C, MSA-P, and PD. We set out with
two goals: (1) determining whether a ML model can improve the differentiation of the diseases and provide a
heuristic accounting of disease heterogeneity, and (2) formulating a summary score derived from the ML models
that can correlate with clinical measures better than cerebellar changes and existing markers at baseline and
follow-ups.

Results

Study cohort

This longitudinal study consisted of 17 controls, 15 MSA-C, 12 MSA-P, and 15 PD participants at baseline with a
one-year period between follow-up visits totaling 174 observations. Demographics and descriptive statistics are
given in Table 1. Clinical assessment of MSA severity was done using the UMSARS (Unified MSA Rating Scale)
total, TST (Thermoregulatory Sweat Test), CASS (Composite Autonomic Severity Score) total, and COMPASS
(Composite Autonomic Symptoms Scale)-select. Both MSA subtypes showed significant mean differences from
controls and from PD across all clinical measures (p <0.05). The PD group showed significant differences only
for UMSARS total and COMPASS-select (p <0.05).

To assess whether the raw structural (T1) and diffusion MRI (dMRI) imaging features differed between the
subtypes and PD, regional comparisons were performed at baseline and at the 12-month follow-up (Fig. 1). No
significant volumetric or microstructural differences were found between MSA-P and PD at either timepoint
(p>0.05). In contrast, MSA-C showed marked OPCA and significantly abnormal fractional anisotropy (FA)
and mean diffusivity (MD) within the same infratentorial regions at both timepoints (Fig. 1). At follow-up, PD
participants exhibited significant frontal pole atrophy, while MSA-C participants showed abnormal FA in the
posterior corona radiata (PCR) at baseline.

Performance of ML models and ML-derived heterogeneity (HET) scores

Three classifiers were trained for a binary task of discriminating MSA from PD using regional measurements
of volume (n=49), FA (n=43) and MD (n=49) as inputs (Supplementary Fig. 1). Five ML models (XGBoost,
Random Forest, LightGBM, CatBoost, and AutoGluon) were evaluated to reduce model selection bias. To
prevent overfitting and data leakage, we used k-fold cross-validation with ten random seeds, with folds split
by Subject ID. The best model was selected based on test-fold performance using the F1 score as the evaluation
metric. The hyperparameters used for training are shown in Supplementary Table 1, and the performance plots
comparing all the models can be found in Supplementary Figs. 2 & 3. After this search, the final models for
volume, FA, and MD were CatBoost, Random Forest, and AutoGluon’s Weighted Ensemble respectively, yielding
Fl-scores and balanced accuracy of 1.00 (SD 0.01), 1.00 (0.01), and 0.98 (0.06) respectively (Table 2). SHAP
was then used on these models to compute the feature contributions. Feature importance plots can be found in
Supplementary Fig. 4.

Controls MSA-C MSA-P PD
Count (n) 17 15 12 15
Male (n) 9 10 8 14
Baseline age (y) 63.00 (6.63) | 59.71 (6.87)® | 63.07 (6.33) 66.15 (6.17)
Follow-up (y) 1.00 (0.07) | 1.02 (0.12) 1.01(0.12) 1.07 (0.27)
Visits (n)
1 17 15 12 15
2 14 13 10 11
3 14 8 6 8
4 13 6 4 8
Disease duration (y) 3.82(4.28) 4.28 (2.19) 8.38 (4.84)
UMSARS total 1.00 (1.06) | 27.67 (8.09)>" |29.04 (5.61)>® | 21.37 (8.54)*
TST % 8.8 (15.27) | 51.27 (44.57)>" | 59.08 (28.30)>® | 7.81 (20.17)
CASS total 0.50 (0.94) |3.67 (1.29)>" | 3.92(2.35)> | 1.33(1.45)
COMPASS-select | 2.57 (2.27) | 21.49 (12.02)>® | 35.90 (17.65)>" | 10.77 (9.32)*

Table 1. Baseline descriptive statistics of participants included in the study. Count, n, and the mean (standard
deviation) are shown. Pair-wise mean value comparisons were conducted between controls and MSA-C,
MSA-P and PD, as well as between MSA-C and MSA-P to PD. Either a two-sided independent samples t-test
or Mann-Whitney U-test was conducted after checking normality. y=years. *Significant when compared to
controls, p<0.05. *Significant when compared to PD, p<0.05. UMSARS = Unified MSA Rating Scale. TST

% = Thermoregulatory Sweat Test. CASS = Composite Autonomic Severity Score. COMPASS = Composite
Autonomic Symptoms Scale
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Fig. 1. Regional effect size maps for raw volume, fractional anisotropy (FA), and mean diffusivity (MD)
measures comparing MSA subtypes and PD at baseline and 12-month follow-up. The colors indicate Cohen’s d
for significant regions after multiple comparison correction. Warm colors indicate higher raw regional values
in MSA than PD, and cool colors indicate lower raw regional values in MSA than PD. Uncolored regions are
not significant. Renderings without coloring show non-significant findings. The color bar reflects Cohen’s d
and not raw values.

F1-score Balanced accuracy
Best model Train Test Train Test
Volume | CatBoost 1.00 (0.00) | 1.00 (0.01) | 1.00 (0.00) | 1.00 (0.01)
FA Random Forest | 1.00 (0.00) | 1.00 (0.01) | 1.00 (0.00) | 1.00 (0.01)
MD AutoGluon 1.00 (0.00) | 0.98 (0.06) | 1.00 (0.00) | 0.98 (0.06)

Table 2. Performance summary of the best classifier for input features of volume, fractional anisotropy (FA),
and mean diffusivity (FA). The train and test F1-score and balanced accuracy, shown as mean (standard
deviation).

Next, the HET scores were computed using SHAP feature contributions. Refer to the Methods section for
more details. Briefly, SHAP values for each input type (volume, FA, and MD) were used as weights to obtain the
weighted regional measures of heterogeneity (Eq. 2). Subject-level HET scores were then calculated by averaging
the weighted regional values across all regions (Eq. 3).

To evaluate performance of the subject-level HET scores to classify MSA subtypes from PD, their Area Under
the Curve (AUC) of their Receiver Operator Characteristic (ROC) curves was compared to the cerebellum
WM and MSA-AL The volume HET was able to classify MSA-C from PD at AUCs of 0.96 [95% CI: 0.86-1.00]
at baseline and 0.99 [0.98-1.00] at follow-up comparable to the cerebellum WM (0.99 [0.94-1.00] and 1.00
[1.00-1.00]) (Fig. 2). Comparably the MSA-AI performed with AUCs of 0.89 [0.73-1.00] at baseline and 0.98
[0.94-1.00] at follow-up. Similarly, when classifying MSA-P from PD, volume HET consistently outperformed
both cerebellum WM and MSA-ATI at AUCs of 0.91 [0.78-1.00] at baseline and 0.94 [0.86-0.99] at follow-up. The
FA and MD HETs were equally high performing compared to the cerebellum WM in discriminating against the
MSA subtypes from PD (AUCs>0.93) (Fig. 2).
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Fig. 2. Classification performance shown as receiver operator characteristic plot (ROC) with the area under
the curve (AUC) of the heterogeneity (HET) score derived from machine learning models trained on volume,
fractional anisotropy (FA), and mean diftusivity (MD). Each HET score is compared to the cerebellum (Cb)
white matter (WM) volume (vol), fractional anisotropy (FA), and mean diffusivity (MD), and the MSA-
atrophy index (AI) at baseline and follow-up visits.

HET tracks disease progression

Longitudinal validation

To evaluate the longitudinal ability of HET to track separation between MSA subtypes and PD, we computed
effect size between MSA-C and PD, and MSA-P and PD (Fig. 3). Separation between MSA-C and PD at baseline
was comparable for cerebellar WM volume and volume HET (Cohen’s d=3.32 vs. 2.79), whereas HET improved
the separation between MSA-P and PD (1.01 vs. 1.76). Comparably the MSA-AI showed slightly lower effect
size between MSA-C and PD (volume: d=1.93) but performed better than the cerebellum WM when separating
MSA-P from PD (d=1.39) (Fig. 3).

The FA and MD HETs showed a similar pattern of group separation at baseline compared to cerebellar WM.
For FA, the MSA-C to PD effect size slightly decreased with HET (3.49 vs. 3.13), whereas the MSA-P to PD effect
size slightly improved (1.45 vs. 1.85). Compared to the cerebellum WM, the MD HET improved the effect sizes
across groups (3.78 vs. 4.38, and 0.97 vs. 2.11) (Fig. 3).

Clinical validation

Change over the first 12-month follow-up period was used to assess sensitivity of HET to track clinically
relevant disease progression. Changes in volume, FA and MD HET were significantly correlated to the change in
UMSARS total (p =-0.60, p<0.05, p = -0.51, p<0.05, and p=0.37, p <0.05) (Fig. 4). Only cerebellum WM MD
changes showed significant correlation to UMSARS total (p=0.40, p <0.05) while the cerebellum WM volume
(p=-0.27) and FA (p=0.01) changes did not show a significant correlation to UMSARS total change over the 12
month period. Changes in MSA-AI over the 12-month period were significantly correlated with UMSARS total
over the same period (p = -0.54, p<0.05) (Fig. 4).
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Fig. 3. Baseline effect sizes (Cohen’s d) comparing MSA-C vs. PD and MSA-P vs. PD, listed in that order

and separated by commas. Spaghetti plots illustrate longitudinal progression for all participants. Panel A
shows cerebellar white volume (WM), fractional anisotropy (FA), and mean diffusivity (MD); Panel B shows
the heterogeneity (HET) scores; and Panel C shows the MSA atrophy index (AI). Lines represent individual
trajectories for PD (green), MSA-P (red), and MSA-C (black) participants. In the legend the total number of
observations (n) is reported. The reported p-values correspond to hypothesis tests of group mean differences, *
p<0.05,ns p=0.05.

HET captures imaging heterogeneity unique to MSA relative to PD

To quantify whether the regional HET scores can capture known and possibly unique MSA regions, we
conducted region-wise mean value comparisons (MSA-C vs. PD and MSA-P vs. PD) at baseline and at the
12-month follow-up. Figure 5 shows the significant effect size differences between the two groups after multiple
comparison correction.

We found that at baseline the cerebellum WM as measured by volume HETs showed significant atrophy in
both MSA subtypes compared to PD (Fig. 5). In addition, the rostral anterior cingulum cortex (rACC) volume
HET value was significantly lower in PD compared to the subtypes. This is in line with previous findings of loss
of WM integrity in anterior cingulum in PD'*. Furthermore, putaminal atrophy across both time points, and the
frontal pole and accumbens atrophy at follow-up were significant in MSA-P compared to PD (Fig. 5).

For the dMRI derived HET, the FA HET at baseline showed WM abnormalities in infratentorial regions,
including the cerebellum WM, pons, and pontine crossing tract (PCT), in both MSA subtypes compared to
PD. Common supratentorial abnormalities were present in the precentral WM (PRCWM) and rectus WM.
By the 12-month follow-up, these common FA abnormalities had expanded to include the postcentral WM
(POCWM), lateral orbitofrontal WM, the fornix, and fornix-stria in both subtypes and across both timepoints
(Fig. 5). Furthermore, several regions also showed subtype-specific FA abnormalities. In MSA-C, cingulum
of the hippocampal region (CGH), inferior frontal WM, and posterior limb of the internal capsule (PLIC)
were abnormal at both time points. In MSA-P, the cingulate gyrus cingulum (CGC), and superior fronto-
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Fig. 4. Comparison of (Panel A) cerebellum volume (T1), fractional anisotropy (FA), and mean diffusivity
(MD), (Panel B) heterogeneity (HET) scores (volume, FA, and MD), and (Panel C) MSA-atrophy index (AI)
versus UMSARS (Unified MSA Rating Scale) total change (A) over a 12-month period from baseline are shown
for MSA and PD participants. Associations between imaging marker change and UMSARS total change were
assessed using Spearman’s rho (p), and p-values correspond to the correlation test. In the legend, the total
number of observations (n) is reported, * p <0.05, ns p=0.05.

orbital fasciculus (SFOF) at baseline, and the entorhinal WM and lateral orbitofrontal WM at follow-up were
significantly abnormal (Fig. 5).

MD HET in MSA-C showed significantly elevated values in the cerebellum WM, brainstem, pons, medulla,
PCT, anterior limb of the internal capsule (ALIC) and PLIC at baseline. At follow-up, WM MD abnormalities
extended to the body of the corpus callosum (BCC) and tapetum (TAP). In MSA-P, MD abnormalities at
baseline were restricted to the brainstem, medulla, and BCC. By follow-up, additional abnormalities appeared in
the cerebellum WM and the fornix (Fig. 5).

Discussion

In this study, we demonstrated an ML approach to discriminate MSA from PD using the regional measurements
of structural and diffusion MRI. We also implemented a subject-specific score, HET, to serve as a summary
measure and as a measure of regional heterogeneity. The HET framework was assessed for its ability to capture
clinical and longitudinal disease characteristics, subtype-specific structural and microstructural damage, and its
performance compared to cerebellar WM and the MSA-atrophy index (AI). A strength of our study is that by
using ML on measurements of the whole brain, we avoided prior assumptions of regional importance attributable
to MSA subtypes, hence, allowing a completely data-driven heuristic approach to quantifying the macro and
microstructural changes necessary to discriminate between the subtypes and PD. The main findings of our study
are: (i) HET performed comparably to cerebellar WM and the MSA-AI for distinguishing MSA from PD, and
that (ii) it showed significant associations with clinical progression using UMSARS total over a 12-month period
and provided better longitudinal separation of MSA-P from PD than cerebellar WM and MSA-AI and (iii) the
regional HET scores were sensitive to both typical and atypical MSA patterns in both structural and diffusion
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Fig. 5. Spatial patterns captured by HET. Regional HET effect size maps comparing MSA subtypes and PD at
baseline and 12-month follow-up are shown. The colors indicate effect size for significant regions after multiple
comparison correction. Warm colors indicate higher regional HET in MSA than PD, and cool colors indicate
lower regional HET in MSA than PD. Uncolored regions are not significant. The color bar reflects Cohen’s d
and not HET values.

denote regions with higher HET in MSA, and cooler

colors indicate lower HET in MSA relative to PD.

MRI findings; and (iv) most importantly the diffusion derived HETs captured widespread and subtype-specific
WM network involvement that aligned well with known MSA pathology.

There is a need for tools capable of detecting MSA in the early disease stages. Established clinical measures
such as UMSARS can be insensitive to disease severity'>. While MRI has been crucial in this endeavor®!?
advanced modeling is still needed to improve its sensitivity to distinguish between MSA subtypes and PD. DL
and ML across various fields of medical image analysis have shown great progress when modeling complex
diseases'®"!8, Although ML models are often perceived as “black boxes,” substantial progress over the past decade
has produced reliable and reproducible explainable artificial intelligence methods that address this limitation,
with ongoing work to refine these approaches!®. One such method is SHAP?® which we have exploited in this
study. The method relies on cooperative game theory where the goal is to equitably distribute prize to a winning
team’s players. We applied a similar analogy, asking: for a given classification outcome (MSA vs. PD), how much
did each regional MRI measurement contribute to the model’s decision? By decomposing predictions into
feature-level attributions, we attempted to quantify disease heterogeneity. As shown in Egs. (1-3) (Methods), we
averaged the baseline SHAP contributions across individuals and used these as weights to scale the corresponding
raw regional values such that the regions where HET is lower in MSA than PD correspond to not just the raw
measurement characteristics but also to the model-identified diagnostic importance attributable to each region.
The interpretation of HET values is hence straight forward, for example, for the volumetric measures, lower
volume HET in MSA corresponds to more atrophy in MSA relative to PD.

The longitudinal separation between MSA-P and PD obtained using volume HET was better compared to
both the cerebellum WM atrophy and MSA-AI (Fig. 3). While the raw cerebellar FA and MD values in older
PD participants overlapped with those of MSA-P, the FA and MD HETs were able to separate the two groups.
Similarly, the HET scores showed significant correlations with clinical progression, as measured by changes in the
UMSARS total, over the 12-month follow-up period. These results highlight HET score’s clinical utility potential
not only to quantify baseline heterogeneity across disease subtypes, but also to sensitively track longitudinal
disease progression. Nonetheless, while HET provided better longitudinal separation, there were few trajectories
that did not follow the expected path, which may either reflect genuine subject-level heterogeneity or noise.
Furthermore, while the longitudinal and clinical assessments were compared with the cerebellum and MSA-AI,
it should be noted, however, that MSA-AI as described in'?, was calibrated using Human Connectome Project
controls rather than controls from the same cohort. These differences could explain its reduced performance
in our analysis. In addition, MSA-AI is a singular atrophy marker, whereas the HET framework reflects both
structural and microstructural heterogeneity across the entire brain. Thus, the direct comparisons conducted in
this study should be interpreted within the proper context and limitations.
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Comparing the raw values between MSA subtypes and PD was insensitive to regional differences especially
for MSA-P. Repeating the analysis after z-scoring by healthy controls produced the same findings as shown in
Fig. 1. On the other hand, the regional volume HET patterns were consistent with the well-established structural
degenerations in MSA (Fig. 5). In MSA-C, atrophy was observed in the cerebellar cortex and WM, pons, medulla,
and brainstem, matching the OPCA pattern that is characteristic of this subtype. The transverse temporal cortex
also showed lower HET values at baseline. Prior studies have reported temporal lobe degeneration in atypical
MSA?21-24 and PD imaging studies have reported reduced volume in the transverse temporal gyrus®%. Its
involvement may reflect HET’s sensitivity to cortical network changes that occur across synucleinopathies and
in atypical MSA presentations. In MSA-P, putaminal and striatal atrophy consistent with the known pattern of
SN degeneration were observed. Accumbens and frontal pole also showed lower HET values in MSA-P at follow-
up. Accumbens involvement is biologically plausible given its role within the dopaminergic and ventral striatal
systems; its atrophy in PD, described as Mavridis’ atrophy?’, has been linked to degeneration of reward-related
circuits affected in both MSA and PD?*%. Frontal pole atrophy has also been reported in autopsy-confirmed
MSA3® and may reflect later-stage frontal involvement captured by HET.

The FA and MD HET regional patterns suggest spatially and temporally staged WM degeneration in MSA
with subtype specific limbic and frontal WM involvement. In MSA-C, the FA HET results showed widespread
WM injury at baseline that involved cerebellar and pontine regions, motor projection fibers such as the PLIC
and postcentral WM, and limbic and frontal regions including CGH and rectus WM. At follow-up, these
abnormalities persisted and further extended into additional frontal regions, including superior frontal and
lateral orbitofrontal WM, as well as ALIC and midbrain. In MSA-P, FA HET showed a slightly different trajectory.
The CGC and SFOF were significant at baseline but not at follow-up, whereas fornix-stria, postcentral and lateral
orbitofrontal WM, and entorhinal WM became abnormal at follow-up which suggests spatial and temporal
progressive WM damage. The widespread involvement of motor, limbic and frontal association networks in
addition to the expected infratentorial abnormalities are consistent with the widespread WM involvement in
MSA which had been reported by del Campo et al.>!. The MD HET results tell a complementary story that is
focused on interhemispheric WM abnormalities. Across both subtypes, MD HET identified abnormalities in the
corpus callosum, particularly the BCC and TAP. In MSA-C, the ALIC and PLIC were significantly abnormal at
baseline but were no longer significant at follow-up, at which point BCC and TAP emerged as key discriminators.
In MSA-P, the BCC was a significant discriminator across both time points, with additional cerebellar and
fornix involvement at follow-up. Together, these patterns indicate FA HET captures dynamic, subtype-specific
contributions of widespread networks and MD HET capture interhemispheric involvement. Our results are
consistent with several prior dMRI studies reporting extensive corticospinal, callosal and limbic WM damage in
MSA as well frontal and limbic network involvement”32-35,

The main limitation of this study is the relatively small data size used in model development. Small sample
sizes are a common challenge in MSA research due to the rarity of the disease. However, it is worth noting
that Mayo Clinic’s MONITOR study has one of the world’s largest collections of movement disorder patients,
making it suitable for an ML application. Nevertheless, to account for potential pitfalls, we implemented
repeated cross-validation with multiple random seeds and evaluated models across hundreds of iterations. This
rigorous modeling approach provided a broad search space for stable model selection with as little overfitting
and data splitting bias as possible. Another limitation was the grouping of MSA-C and MSA-P into one category
to avoid further dividing the data into smaller portions. However, this was less of an issue since the longitudinal
and clinical correlation results clearly showed the models were able to separate the subtype specific disease
characteristics. The resulting HET patterns also aligned well with established pathological and imaging findings
which provided validation to our modeling approaches. Nonetheless, further validation is still needed to confirm
the results.

In conclusion, our findings demonstrate that heterogeneity scores derived using machine learning can reliably
capture the structural and microstructural imaging differences between MSA and PD. The volume, FA, and MD
HET measures revealed subtype-specific spatial patterns that closely aligned with established neuropathological
hallmarks. These multimodal MRI markers provide a more comprehensive representation of disease burden
by improving characterization of MSA heterogeneity. In other words, HET offers an alternative to traditional
OPCA and SN markers and to other pre-defined atrophy related indices due to its heuristic approach to regional
importance which can be more sensitive to atypical presentations and changes in earlier disease stages. Overall,
our findings support the potential of HET as an imaging biomarker framework for tracking disease progression,
increasing our mechanistic understanding across atypical parkinsonian syndromes, and ultimately reducing
MSA misdiagnosis.

Methods

Study participants

Participants enrolled in the Mayo Longitudinal Synucleinopathy Biomarker Study (MONITOR I and II), a
prospective and longitudinal study, were included. They were diagnosed with MSA and PD and had obtained
standardized quantitative MRI scans at all time points. Patients with MSA-C, MSA-P, and PD were diagnosed by a
Mayo Clinic movement disorder specialist based on established criteria®. All patients participated in autonomic
function testing during their diagnostic assessment. Patients with MSA had to fulfill the consensus criteria for
possible or probable MSA and achieve a score of less than 17 (excluding the erectile dysfunction score) on part
I of the Unified MSA Rating Scale (UMSARS) to qualify for enrollment, thereby ensuring participation at an
early disease stage and aligning with the inclusion criteria for trials of disease-modifying therapies®’~*°. Healthy
controls were participants matched for age and sex, showing no signs of neurological disorders or autonomic
dysfunction. Participants were generally excluded if they were pregnant or breastfeeding, scored 24 points
or lower on the Mini-Mental Status Examination, had a clinically significant or unstable medical or surgical
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condition that could hinder safe study completion or influence study results, or had utilized any investigational
products within 60 days preceding the baseline assessment.

Ethics statement and approval

This study was approved by the Mayo Clinic Institutional Review Board (IRB number: 15-005964). The
patients were given adequate time to ask questions and think about study participation. Risks, benefits, and
alternatives in pursuing this research trial were discussed in detail with the patients. The patients understood
the information discussed and agreed to participate in this clinical research study. All questions were answered.
Written informed consent was obtained from all participants according to the Declaration of Helsinki. Patients
signed the informed consent document prior to any study procedures being performed.

Clinical assessments

A detailed medical and neurological history was obtained from all participants, followed by a full general and
neurological examination. Medications with the potential to influence test results were withheld for five half-
lives before neurological assessments, autonomic testing, and MRI acquisition. Neurological impairment in
individuals with MSA was rated using the Unified MSA Rating Scale (UMSARS), which includes part I for
symptoms and functional status and part II for examination findings®’. All participants completed standardized
autonomic evaluations, including the autonomic reflex screen and the thermoregulatory sweat test. Autonomic
deficits were quantified using the Composite Autonomic Severity Score (CASS), a validated measure summarizing
the severity and pattern of autonomic dysfunction from these tests*’. Autonomic symptoms were measured
using the Composite Autonomic Symptom Score (COMPASS)*..

Imaging acquisition and processing
MRI data were acquired on a 3-T Siemens Prisma whole body scanner (Siemens Medical Systems, Erlangen,
Germany) using a 32-channel head coil.

Structural MRI

High-resolution T1-weighted (T1) 3D structural images were acquired using an MPRAGE sequence with 3D
distortion correction. Imaging parameters were repetition time (TR) 2300 ms, echo time (TE) 2.95 ms, flip angle
9°, voxel dimensions 1.05 x 1.05 x 1.20 mm, acquisition matrix 256 x 240, and a total scan duration of 312 s
across 176 sagittal slices. Then, trained image analysts reviewed all the data. Shading artifacts in the T1 scans
were corrected using SPM12 segmentation combined with N3. Regional MRI morphometry was then derived
with FreeSurfer v6.0 using the Desikan-Killiany atlas*2. Middle cerebellar peduncle atrophy, which is common
in MSA, is captured within the cerebellar region in FreeSurfer. Regional volumes were expressed as fractions of
total intracranial volume (TIV), with TIV estimated in house*?, and these normalized measures were used as
morphometric features for the analyses.

Diffusion MRI

The diffusion MRI (dMRI) scans were acquired using a multiband (3 x slice acceleration) single-shot spin-echo
axial EPI sequence with the following settings: TR 3400 ms, TE 71 ms, flip angle 90°, acquisition matrix 116 x
116, 2.0-mm isotropic voxels, and NEX 1. Three diffusion weightings were collected: 16 volumes at b = 0, 48
volumes at b = 1000, and 64 volumes at b = 2000 s/mm?. Gradient directions were uniformly distributed across
the sphere for all diffusion shells*%. Then, to process the dMRI images an intracranial mask was first created for
each scan®. Noise in the raw diffusion data was estimated and removed, motion and eddy current distortions
were corrected, Gibbs ringing was eliminated, and Rician bias was adjusted!?. Diffusion tensors for the multi
shell dataset were then estimated using the nonlinear least squares algorithm implemented in dipy*S, including
all b values in the tensor calculation to maximize SNR. From these tensors, Fractional Anisotropy (FA) and Mean
Diffusivity (MD) were computed. Each subject’s FA image was nonlinearly aligned to an in-house modified JHU
“Eve” white matter atlas using ANTS?, enabling extraction of regional median FA and MD. Voxels with MD
values greater than 2 x 1073 or less than 7 x 10~ °> mm?/s were removed as likely CSF or air. ROIs containing
fewer than seven diffusion voxels in subject space were excluded due to unreliable registration. MD values were
multiplied by 10 to simplify interpretation.

Computation of the heterogeneity (HET) score

Training the ML model

Three separate classifiers were run for volume, fractional anisotropy (FA), and mean diffusivity (MD) regional
values as inputs and a binary target of 0 for MSA and 1 for PD. The regional input feature sets comprised 49
volume, 43 FA, and 49 MD features. To ensure reliable biological signal, FA was excluded for some regions that are
predominantly gray matter®*°. The complete atlas segmentation and region list are provided in Supplementary
Fig. 1.

The MSA subtypes were grouped as one label since a three-way classifier was not possible with the limited data
size. Age was included in all models as a covariate. Sex was not included as a covariate due to the small number
of female participants (MSA-C n =5, MSA-Pn=4,PD n = 1)°0. Before model training, the regional volume
measurements were normalized by total intracranial volume to account for head size differences. In addition, all
inputs were z-scored against controls so that each feature reflected deviations from a healthy population.

There are numerous types of ML models with varying characteristics and hyperparameter requirements. To
minimize the risk of selection bias from any single model, we trained 4 individual models and an additional
AutoML framework and chose the best performer. The 4 models were XGBoost™!, Random forest™, Light GBM>?,
and CatBoost™ and the AutoML framework was AutoGluon (v1.1.1)*>. Hyperparameters used in training are
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given in Supplementary Table 1. Because of the limited data size, cross-validation was preferred over a single train-
test split. The data was divided into k folds and repeatedly trained and tested on randomly shuffled partitions.
The folds were grouped by subject IDs to prevent participants in the training set from appearing in the test set,
thereby avoiding data leakage. The train and test partitions within the folds were stratified based on the binary
target so that equal proportions of MSA and PD samples were maintained. We used 3 folds corresponding to
67% training and 33% testing split. The number of folds was chosen as 3 so as not to compromise the proportions
of binary targets in the splits, i.e., higher k folds result in fewer number of the MSA and PD in the splits.

To further reduce potential bias during fold splitting, all models were run using 10 seeds, so that each fold
split was as random as possible for each seed run. Each individual models were optimized using a randomized
grid search with 10 repetitions, resulting in 30 fits across the 3 folds. AutoGluon was trained on the same folds
for each seed run, using its built-in optimization techniques such as repetitions and ensembling to identify
the ideal configuration. Within each seed, every model’s F1 score, and balanced accuracy were computed for
both the training and test splits. The model (either an individual classifier or AutoGluon) with the highest
mean F1 score and the lowest standard deviation across the three test folds was identified as the winner for that
seed. Among all seed-level winners, the one with the highest F1 score was selected as the final best model. This
selection procedure was repeated independently for the volume, FA, and MD analyses. Lastly, the final model
was explained using SHAP (SHapley Additive exPlanations) (v0.44.1) to assess the contribution of each feature
to the model predictions®. Extensive literature exists on SHAP’s methodology and biomedical applications, refer
for example®®. For added stability and reproducibility, we implemented a bootstrapping (1 = 200) technique and
then took their average for the final SHAP values. All codes are available in our online repository (https://githu
b.com/RobelGebre/HET).

Heterogeneity (HET) score

To capture spatial heterogeneity in the brain macrostructure and microstructure, we created three HET scores:
volume, FA, and MD, each derived from independently trained models. We have previously implemented a
similar application for deriving a heterogeneity score using SHAP values for quantifying abnormal tau protein
deposition in Alzheimer’s disease®’.

We first compute feature attributions for each diagnostic group, dx, using SHAP. Baseline SHAP values
were then used as regional weights to quantify the heterogeneous contribution of each brain region. The
SHAP framework is cross-sectional and does not directly model temporal dynamics, hence only the baseline
explanatlons were used as weights.

Let ¢ 1= denotethereglonalSHAPvalueoftheROIfeatures jforsubjecti(¢=1, ... ,M;j=1,... ,N);

then the corresponding baseline feature weights ¢

ljd.IC

j.dz were defined as in Equation (Eq. 1). In practice, because

SHAP values sum up to the model’s predicted probability (ranging from 0 to 1), we can optionally multiply the
weights in Eq. 1 by a large constant factor (e.g., 100) to improve numerical stability without altering relative
importance.

Next we defined regional HET by applying the SHAP weights to the corresponding regional measurements
fo 7 » producing the regional measures of heterogeneity (Eq. 2). Finally, the subject-level HET score for
each sub)ect was computed by averaging the weighted regional values across all ROI (Eq. 3). Throughout the
manuscript, unless explicitly stated as regional, “HET?” refers to the subject-level HET score.

j do — M Z i= 1¢) ,7,dac (1)
Tij = %,mﬁ? ’ @
1 N —1=0 >
t>0
HET; = 5 560,005 3)

Statistical analysis

The MSA-AL, as described in'?, was computed from volumetric measures of three brain structures: lentiform
nucleus consisting of putamen and pallidum, brainstem, and cerebellum. Z-scores for each region were derived
by subtracting the predicted mean and dividing by the standard deviation from the control population. The
mean were estimated via linear regression adjusted for age and sex'. The final index was calculated as the
average of the three regional z-scores. It should be noted that MSA-AI is a volumetric calculation of atrophy and
not intended for WM microstructure quantification, hence we compared its performance to only the volume
derived HET scores.

The ML model performances were evaluated using the area under the curve (AUC) from the receiver
operating characteristic curves (ROC) and F1 scores. The ROC AUC measures a model’s ability to distinguish
between classes with values closer to 1.0 showing better performance. F1 score indicates classification accuracy
by balancing false positives and false negatives.

Clinical validation of HET was performed by relating 12-month change from baseline in HET to the
corresponding 12-month change from baseline in UMSARS total (A = Z¢=12 months — T¢=0). The same
change-to-change analyses were performed for the MSA-AI and cerebellar WM for comparison. The goal of
these analyses was to assess whether earliest visit point changes in HET track longitudinal clinical change in
a manner comparable in direction to established imaging markers. For visualization only, scatter plots were
Winsorized using percentile clipping to reduce the influence of extreme values on axis scaling™.
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Mean differences at the region and group-level between MSA subtypes and PD was analyzed using independent
samples t-test or Mann-Whitney U-test followed by multiple comparison correction using false discovery rate
(FDR)*. The appropriate test was determined after checking for normality using Shapiro-Wilk. Effect sizes were
evaluated using Cohen’s d which is defined as the difference in the group means divided by the pooled standard
deviation. Cohen’s d was used to demonstrate separation only after the appropriate test and multiple comparison
corrections were conducted. The spearman’s rho (p) was used to assess correlations between clinical scores and
the cerebellar WM, MSA-AI, and HET; corresponding two-sided p-values are reported.

Data availability
The data supporting the findings of this study are available from the corresponding author upon reasonable
request. All the codes are publicly available at https://github.com/RobelGebre/HET.
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