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Abstract
Background  Limb-girdle muscular dystrophy R2-dysferlin related (LGMD-R2) is a progressive muscle condition with 
marked variability in disease course, making prognosis challenging. Quantitative MRI (qMRI) has emerged as a comple-
mentary tool that may detect progression earlier and more precisely. Integrating different data modalities is challenging 
with conventional approaches, and artificial intelligence (AI) can help overcome this. Our aim is to develop robust models 
capable of predicting clinical progression in LGMD-R2 by incorporating AI-based techniques into the analysis pipeline.
Methods  Data from 188 COS 1 participants were analysed. Disease progression was assessed using the North Star Assess-
ment for Limb Girdle type Muscular Dystrophies (NSAD). Ambulatory individuals with a maximum NSAD ≥ 20 were 
included, and progression trajectories were identified through hierarchical clustering. Feature selection was performed 
using a machine learning pipeline, and top predictors were entered into stepwise logistic regression to build clinical-only 
and combined clinical-MRI models.
Results  Two stages of progression were identified, a fast one with a mean three-year loss of 14.4 NSAD points, and a moder-
ate one, with a mean loss of 3.8 NSAD points. The combined model achieved better balanced accuracy than the clinical-only 
one (83.7% vs 78.7%). Key predictors in the combined model were disease duration and fat content measures in the anterior 
thigh and gracilis muscle, while the clinical model included disease duration, creatine phosphokinase (CK), and 10 m walk/
run test velocity.
Conclusions  Progression in LGMD-R2 can be grouped into distinct clinical trajectories. Individuals at a faster stage of pro-
gression were younger, had shorter disease duration, higher CK, greater weakness, and relatively preserved vastus intermedius 
and gracilis muscles. AI enabled efficient integration of heterogeneous data, and qMRI biomarkers provided complementary 
information that improved predictive accuracy.

Keywords  Limb-girdle muscular dystrophies · Dysferlin · Magnetic resonance imaging · Disease progression · Prognosis · 
Biomarkers

Introduction

Limb-girdle muscular dystrophy R2 (LGMD-R2) is pro-
duced by pathogenic variants in the DYSF gene. This gene 
encodes the dysferlin protein, an integral membrane protein 
whose main roles are sarcolemma repair after muscle fibre 
injury, T-tubule formation and calcium handling [10, 12, 
19]. Individuals affected usually start showing signs and 
symptoms of the disease in their late teens or early in their 
adulthood, which are characterized by muscle weakness in 
the lower limbs [11] and marked elevation of serum creatine 
phosphokinase (CK) levels [33]. This is a slowly progres-
sive disorder with the steepest functional decline occurring 
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during the first ten years after symptom onset [15]. Muscle 
weakness becomes widespread with disease progression 
involving the proximal and distal muscles of the upper limbs 
and occasionally axial muscles [3]. Along with the progres-
sion of muscle wasting, there is a reduction in CK levels 
due to muscle loss [11]. Respiratory muscles might show 
involvement in advanced stages, but no clear association 
with cardiomyopathy has been reported [24].

The natural history of this condition has been extensively 
investigated in several studies reporting considerable vari-
ability in the age at onset, rate of progression, and over-
all disease severity [11, 25, 29, 36]. The Clinical Outcome 
Study for dysferlinopathy (COS) [11] is a natural history 
study funded by the Jain Foundation that followed people 
with LGMD-R2 for up to ten years collecting different types 
of data. This large natural history study was made up of two 
shorter studies, the COS 1, running from 2012 to 2018, and 
the COS 2, running from 2018 to 2024, with the main aim 
of COS 2 being to build upon and validate the data from 
COS 1. Even though the median age at symptom onset was 
19 years, it ranged from 3 to 60 years. Moreover, although 
individuals with a longer disease history often exhibited 
more advanced symptoms, 10% of those with less than ten 
years of disease history were severely affected, whereas 10% 
of individuals who had experienced symptoms for over 35 
years were still functional and were considered to have a 
mild phenotype. While the cause of this variability is not 
yet understood, there are some factors that have been linked 
to worse outcome, such as earlier age at onset [15], longer 
disease duration [15], practising intense physical activity 
during teenage years [26, 28], and higher water T2 values in 
skeletal muscle MRI [23]. However, no clear genotype–phe-
notype correlations have been identified to date [14, 18]. 
Moreover, other factors such as comorbidities, medication, 
lifestyle, mental health and stress, nutrition, and diet, among 
others, which are difficult to measure in the clinical and trial 
setting, could also influence disease progression.

Disease progression in LGMD-R2 has traditionally been 
measured using clinically based outcome measures. In a one-
year interim analysis of COS 1 data [27], it was concluded 
that, although some clinical outcome measures were sensi-
tive to changes over six months and a year, their sensitiv-
ity was small to moderate. This led to the development and 
validation of a dysferlinopathy-specific motor function scale, 
which measured the impact of disease on daily functions, 
the North Star Assessment for limb-girdle type muscular 
dystrophies (NSAD), sensitive to change over one year [15].

Standardized response mean (SRM), a measure of sen-
sitivity to change that is calculated by dividing the mean 
change by the standard deviation of that change, was used to 
measure this. Traditional thresholds have been established at 
SRM < 0.5 (small), < 0.8 (moderate), and ≥ 0.8 (large). For 
the clinical outcome measures evaluated during COS, all of 

them reached an SRM below 0.7. However, when analys-
ing individual muscles fat fraction (FF) values in COS, not 
only were they sensitive to change over one and three-year 
periods, but also the SRMs were above 0.7 for both thigh 
and lower leg [35] muscles in ambulant individuals. Moreo-
ver, evidence suggests that changes in FF in whole lower 
limb segments (thigh and lower leg) could be as sensitive as 
changes in FF in individual muscles to efficiently measure 
progression [34]. These results build upon the growing use 
of quantitative MRI (qMRI) measurements as robust moni-
toring biomarkers.

Even though COS has been pivotal in our understand-
ing of the natural progression of LGMD-R2, the integra-
tion and analysis of this complex dataset, including clinical, 
genetic and imaging variables, is still a major limitation. 
Most publications stemming from large databases are uni-
dimensional, focussing on specific data modalities at a time 
rather than trying to integrate the information. This frag-
mented approach might overlook meaningful patterns that 
could emerge from a more comprehensive analysis. Here, 
we aimed to integrate the different types of data collected in 
COS 1 to develop robust models useful to predict the pro-
gression of individuals with LGMD-R2. In this context, the 
inclusion of artificial intelligence (AI)-based techniques in 
the pipeline analysis could offer a powerful tool to explore 
multidimensional interactions and identify novel insights 
into disease progression and heterogeneity [6].

AI has proven to be particularly useful for handling this 
type of complex datasets that include variables with different 
natures, especially when they are acquired longitudinally. 
Traditional statistical methods usually rely on predefined 
assumptions and can only handle a limited number of vari-
ables at a time; however, AI models can process high-dimen-
sional data and recognize hidden patterns that might not be 
apparent through standard statistical analysis [9, 32]. In a 
systematic methodological review focussing on the use of AI 
for the analysis of longitudinal data [5], it was shown how an 
AI-based approach trained on longitudinal electronic health 
records allowed for the prediction of outcomes, such as 
disease progression and response to treatment, through the 
integration of changes over time in clinical, demographic, 
and biochemical variables. Applying similar approaches to 
LGMD-R2 could potentially help stratify individuals, iden-
tify biomarkers of disease progression, and better understand 
the role of different factors in shaping disease severity.

Materials and methods

Study design and participants

The COS 1 study prospectively collected demographic, 
genetic, clinical, and imaging data of 188 individuals for 
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up to five years. Eligible participants had two confirmed 
pathogenic variants in the DYSF gene or one pathogenic 
variant plus absent dysferlin expression measured through 
immunoblot in muscle tissue and/or monocytes. A detailed 
description on the methods of this natural history study is 
available in the initial report from the COS 1 study [11].

Variable selection

The COS 1 database contained 307 individual variables of 
diverse nature collected at different time-points (Supple-
mentary Table S1). Some variables were initially excluded 
from this analysis due to the following reasons: the Per-
formance of the Upper limb scale (PUL) [21] and lying 
forced vital capacity (FVC) had only been measured after 
year 1; therefore, the changes over time were partial and 
missing for the first visits; in a previous paper [23] from 
COS 1, when analysing qMRI data, only the water T2 val-
ues from the Paris and Newcastle sites had been used to 
limit the impact of inter-site variability, and when included 
in our preliminary analysis, results were discordant and 
noisy; genetic variants were also removed because, due 
to the multiplicity of options, very few of them could be 
grouped to achieve sufficient representation; only the total 
score for the NSAD was used, removing the 29 individual 
items to avoid collinearity; and the Egen Klassifikation 
(EK) score was only calculated for non-ambulant indi-
viduals, and as all included participants were ambulant, 
this was removed. Previous research showed that muscle 
FF values were equal between both sides of the body [2], 
so the average left–right value was used. A preliminary 
analysis showed that the same applied to manual muscle 
testing (MMT) measurements (Supplementary Table S2), 
except for elbow flexion (biceps and brachioradialis) and 
shoulder flexion. Therefore, the maximum value for each 
movement for each individual at each visit was retained, 
consistent with the approach already applied to the hand-
held dynamometer measurements. In line with the current 
evidence suggesting that the analysis of a segment’s FF 
could be as good as the analysis of individual muscles’ 
FF to describe disease progression [34], which would sim-
plify qMRI segmentation and FF analysis, muscles were 
grouped by localization into thigh anterior compartment 
(vastus medialis, vastus intermedius, and vastus lateralis), 
thigh posterior compartment (biceps femoris, semitendi-
nosus, and semimembranosus), thigh medial compartment 
(adductor magnus, gracilis, and sartorius), lower leg ante-
rior compartment (tibialis anterior and extensor digito-
rum muscles), and lower leg postero-lateral compartment 
(peroneus muscles, gastrocnemius medialis, gastrocnemius 
lateralis, and soleus).

Trajectory modelling

To predict clinical progression, the NSAD was selected as 
the target variable. The NSAD is a validated functional scale 
developed to capture disease progression in people with 
LGMD and reflect clinically meaningful changes over time 
[15, 16]. The score goes from zero to 54, with higher values 
reflecting better motor performance. Patients are asked to 
perform 29 tasks, each scored with a maximum of one or 
two points depending on the item. Most items assess lower 
limb function (walking, running, jumping, hoping, climb-
ing and descending stairs, among others), while four out of 
29 focus on axial and upper limb function. As a result, the 
NSAD better reflects lower limb function rather than trunk 
or upper limb. The NSAD is an ordinal scale [15, 16]; con-
sequently, measuring change in a consistent and comparable 
way across all disease stages is complex. So, to ensure that 
the measured changes were as clinically comparable as pos-
sible, only ambulant individuals at baseline with a maximum 
NSAD score equal or above 20 were included.

Trajectories of NSAD progression were defined in 
an unsupervised way, as presented by Bhagwat et al. [1]. 
Patients with non-missing consecutive visits were selected 
for the modelling. A higher number of visits (N) enable the 
modelling of NSAD over a longer period; however, patient 
drop-off reduces the size of the modelling set for larger N 
values. The largest drop was observed between the fifth and 
sixth visits (year 3 and year 4 visits, respectively), declining 
from 73 to 26 patients (Supplementary Fig. S1). Based on 
this analysis, we established a minimum threshold of five 
complete visits for patient inclusion in the modelling cohort.

Hierarchical clustering was applied on the modelling 
cohort, using Euclidean distances and the Ward method. 
Clustering on the absolute NSAD scores led to clusters 
representing the overall disease stage rather than different 
trajectories; therefore, the NSAD scores were transformed 
by subtracting the maximum NSAD score of each patient to 
each one of their visits, representing absolute change in this 
scale rather than absolute value.

For each selected cluster, the average trajectory template 
was calculated. When assigning a trajectory to the complete 
cohort, the Euclidean distance (ignoring missing time-
points) between each patient and each template was calcu-
lated, and the cluster with the lowest distance was assigned.

Feature selection

Collinearity and information redundancy across features 
were tackled by incorporating a feature selection step. This 
consisted of a Machine Learning (ML)-based model tasked 
with predicting the progression type of the patients given 
a single timepoint data. The pipeline starts with a Recur-
sive Feature Optimization process to select the 30 most 
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discriminating features, used to train a final Random For-
est classifier. The pipeline was trained and evaluated using 
stratified cross-validation, grouping all patient time-points 
together to avoid data leakage. The SHapley Additive exPla-
nations (SHAP) framework for AI explainability was used to 
obtain each feature’s importance, which were used to manu-
ally choose the most relevant variables [20].

First, based on the AI explainability results, the vari-
ables with the highest mean SHAP values were tested for 
significant differences between the two clusters using the 
non-parametric Mann–Whitney test with Benjamini–Hoch-
berg correction for multiple comparisons. Second, a forward 
stepwise (likelihood ratio) variable selection procedure was 
used to build a binary logistic regression model, identifying 
predictors of disease progression. The predicted probabili-
ties derived from this analysis were used to build a receiving 
operator curve (ROC) to evaluate the discriminatory ability 
of the model. Two models were built, one including only 
clinical data and one including clinical and qMRI data.

The target definition and feature selection were performed 
on Python 3.12.

Results

The original database contained information of 307 vari-
ables from 188 individuals followed up for an average of 
1280.8 days (R 182–1909 days) (approximately 3 years and 
6 months). However, following the modifications to the 
database described in the methods section (patient selec-
tion, exclusion of certain variables, simplification of vari-
ables with bilateral data, and muscle grouping by function 
and localization), the initial working database comprised 
101 patients (58 of them had at least one qMRI scan) (Fig. 1) 
and 126 individual variables (Fig. 2).

This cohort was made up of 53 women (52.5%), most of 
them with a White/Caucasian ethnical background (71.3%) 
followed by those with an Asian background (15.8%). In 
immunoblotting, dysferlin was absent in 82.9% of patients 
and reduced in the remaining. At baseline, the mean age at 
assessment was 35.2 years (y) (± 12.6 y), age at symptom 
onset was 23.1 y (± 10.2 y), and the mean disease dura-
tion was 12.1 y (± 7.7 y). The mean NSAD score was 35 
(± 12), and on average, patients were slightly overweight 
(BMI 25.4 ± 5.8).

Two characteristic NSAD stages of progression were 
identified: a fast stage of progression (Fa) (n = 30) and a 
moderate stage of progression (Mo) (n = 71). Patients in the 
fast stage showed an absolute decrease in NSAD of 14.4 
points (± 4.7) over three years, while the ones in the moder-
ate stage showed a decline of 3.8 (± 2.8) NSAD points dur-
ing the same period (Fig. 3a, b).

AI explainability techniques (SHAP analysis) were per-
formed to understand which variables the model prioritized 
to predict patients’ trajectories. The highest mean SHAP 
values are found in Supplementary Table S3.

A total of 54 variables were significantly different 
between clusters (Supplementary Table S4). Patients in the 
fast stage of progression were younger at assessment (Fa 29 
y vs Mo 35 y, p < 0.001), had a shorter disease duration (Fa 
8 y vs Mo 14 y, p < 0.001), and higher CK levels (Fa 6630 
U/L vs Mo 3486 U/L, p < 0.001). They were overall weaker 
measured through both MMT (for example, hip extension Fa 
3.8 vs Mo 6.0, p < 0.001) and hand-held dynamometer (for 
example, grip Fa 81.0 lb vs Mo 90.0 lb, p < 0.01), and per-
formed slower in multiple timed tests (for example, time to 
rise from floor Fa 5.7 s vs Mo 4.6 s, p < 0.01). Even though 

Fig. 1   Workflow for variable selection. AI artificial intelligence, 
cCSA contractile cross-sectional area, CSA cross-sectional area, EK 
Egen Klassifikation, FF fat fraction, FVC forced vital capacity, MMT 
manual muscle test, MRI magnetic resonance imaging, NSAD North 
Star Assessment for limb-girdle type muscular dystrophy, PUL per-
formance of the upper limbs
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clinically they were weaker, from an qMRI point of view 
there were some specific muscles that were less affected in 
those individuals going through a fast stage progression: gra-
cilis (Fa 7.9% vs Mo 11.3%, p = 0.048), sartorius (Fa 10.8% 
vs Mo 13.5%, p = 0.044), vastus intermedius (Fa 17.8% vs 
Mo 39.5%, p < 0.001), and vastus medialis (Fa 22.3% vs Mo 
38.2%, p = 0.036).

Two binary logistic regression models were built and 
their corresponding ROC curves: one including clinical and 
imaging outcomes, and one including only clinical vari-
ables. The model that included both data types achieved the 
highest performance. It was able to explain 59% (Nagel-
kerke R2: 0.587) of the variability and was able to differ-
entiate between groups better than chance (X2 (5) = 85.77, 
p < 0.001). Shorter disease duration, a relatively preserved 
vastus intermedius compared to the vastus medialis and 
lateralis, and higher contractile muscle tissue in the graci-
lis were linked to a faster decline over the next three years 
(Table 1). Using the predicted values, the ROC analysis 
indicated an area under the curve (AUC) of 0.91 (95% CI: 
0.86–0.95). The optimal cutoff point was 0.366 (predicted 
probabilities equal or greater than 0.366 were classified as 
positive), with a balanced accuracy of 83.7%, sensitivity of 
78.7%, and a specificity of 88.7% (Fig. 4).

Given that MRI, and particularly the qMRI required to 
calculate FF, is not available in all neuromuscular centres 
worldwide, an additional model relying exclusively on clini-
cal variables was built. This model explained 44% (Nagel-
kerke R2: 0.443) of the variability and was also significantly 
better than chance to classify patients (X2 (3) = 132.86, 
p < 0.001). According to this model, patients at risk of 
progressing faster over the next three years were those 

with shorter time since symptom onset, higher CK levels 
in blood, and those slower when walking or running 10 m 
(10MWTV) (Table 2). The ROC analysis indicated an AUC 
of 0.84 (CI 95% 0.79–0.89) with an optimal cutoff point at 
0.317 (predicted probabilities equal or greater than 0.317 
were classified as positive) achieving a balanced accuracy 
of 78.7%, sensitivity of 74.3%, and a specificity of 83.1% 
(Fig. 4).

There was a 77.9% inter-model agreement in the pre-
dicted outcomes. Among these concordant predictions, 
71.0% were correct and 6.9% were incorrect. In the cases 
where the models disagreed, the combined model made the 
correct prediction 15.2% of the times, whereas the clinical 
model was correct 6.9%.

To facilitate clinical implementation (bearing in mind this 
is a research project and the limitations that are discussed 
below), we developed a web-based interface in which users 
can input the values of the variables for each model (http://​
www.​myogu​ide.​org/​tools/​dysf-​stage-​progr​ession-​predi​
ction/). The platform automatically applies the model equa-
tion (Tables 1, 2), calculates the predicted probability, and 
compares this value against the optimal ROC-derived cutoff. 
Based on this, the tool classifies each individual as going 
through a fast or moderate stage of progression.

Discussion

This study reflects how the incorporation of AI-based ana-
lytical techniques can enable a deeper and more systematic 
analysis of large and complex datasets. In our case, these 
methods allowed the grouping of individuals according to 
their clinical trajectories in an unsupervised manner with-
out manual input and handling a large number of variables 
and sequentially exclude those that were not relevant to our 
primary objective of predicting disease progression. Ulti-
mately, it contributed to the development of two predictive 
models, one based on clinical data and the other combining 
clinical and qMRI data, that accurately classified individuals 
according to their clinical evolution into one of two stages 
of progression over a three-year period, with the combined 
model outperforming the clinical one.

Our findings are consistent with the growing evidence 
that muscle imaging, qMRI in particular, is a powerful tool 
to study neuromuscular diseases, a promising multimodal 
biomarker, and that it should be included along with func-
tional and timed tests in future clinical trials [7, 13, 22, 30]. 
The combined model outperformed the clinical one, achiev-
ing a higher balanced accuracy, sensitivity, and specificity, 
showing superior discriminatory capacity on the ROC analy-
sis, despite more individuals and datapoints being included 
in the clinical model because only half of the patients had 
a qMRI scan. Moreover, it was able to explain more data 

Fig. 2   Workflow for patient selection. MRI magnetic resonance imag-
ing, NSAD North Star Assessment for limb-girdle type muscular dys-
trophy

http://www.myoguide.org/tools/dysf-stage-progression-prediction/
http://www.myoguide.org/tools/dysf-stage-progression-prediction/
http://www.myoguide.org/tools/dysf-stage-progression-prediction/
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Fig. 3   A Boxplot showing 
NSAD trajectory for each iden-
tified stage of progression over 
a three-year period. Figure 3b 
Individual patients’ NSAD 
trajectories coloured by stage 
of progression based on disease 
duration. NSAD: North Star 
Assessment for limb-girdle type 
muscular dystrophy

Table 1   Clinical and MRI 
binary logistic regression model 
(table and equation)

p =
1

1+e−(3.697−0.324×dd+0.499×FFat−0.516×FFVI+0.007×cCSAG−0.003×cCSAat)

Ant anterior, at anterior thigh, cCSA contractile cross-sectional area, CI confidence interval, dd disease 
duration, FF fat fraction, G gracilis, OR odds ratio, SE standard error, VI vastus intermedius

Predictor B (β) SE Wald χ2 p OR 95% CI OR

FF VI − 0.516 0.113 20.7 < 0.001 0.60 0.48–0.74
cCSA G 0.007 0.002 9.9 0.002 1.01 1.01–1.02
FF ant thigh 0.499 0.114 19.2 < 0.001 1.65 1.32–2.06
cCSA ant thigh − 0.003 0.001 8.6 0.003 0.99 0.99–0.99
Disease duration − 0.324 0.072 20.1 < 0.001 0.72 0.63–0.83
Constant 3.697 1.402 6.9 0.008 40.33
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variance than the clinical variables on their own, reflecting 
that qMRI intrinsically carries information that is not cap-
tured by the functional tests.

Individuals going through a fast stage of progression were 
younger and in earlier stages of their disease, as had pre-
viously been reported [15]. Interestingly, disease duration 
was the only time-related variable retained in the models, 
emphasizing its importance to understand disease stage in 
individuals. Although recall bias might impact the preci-
sion of this measure, our findings suggest that independently 
of baseline clinical severity, the time since patient-reported 
symptom onset is a key determinant of the rate of progres-
sion over the following years. Moreover, these individuals 
had higher CK levels, were clinically weaker based on MMT 
and HHD, and performed slightly worse in the timed tests; 
however, when looking at the qMRI, some muscles from the 
anterior and medial thigh were less replaced by fat, show-
ing higher content of contractile muscle tissue. The gracilis 

and vastus intermedius in particular were the ones retained 
in the combined model, and when sparred, these findings 
increased the odds of a patient going through a fast stage of 
progression, especially if there was a discrepancy between 
the vastus intermedius and the medialis and lateralis, with 
these latter two relatively more replaced by fat. This hetero-
geneous involvement of the anterior thigh muscles is also 
evidenced through the quadriceps “diamond” sign, a clinical 
finding frequently described in people affected by LGMD-
R2, in which patients show an asymmetric bulge in their 
anterior thigh when asked to stand with their knees flexed 
[8, 31]. Additionally, quadriceps muscles are essential for 
stabilizing the knee when patients stand, walk, or climb up 
or down stairs. Based on our clinical experience, individu-
als with weaker quadriceps also score lower in the NSAD 
and other clinical tests. Therefore, it is reasonable that those 
individuals who still have considerable remaining contractile 
muscle tissue in the quadriceps muscles measured by qMRI, 
but whose muscles are not completely intact, will have a 
higher chance of progressing at a faster rate over a short 
period of time. In fact, this statement is reinforced by our 
own results exploring water T2 as a potential predictor of 
disease progression. In that study, we identified that higher 
water T2 values in the vasti muscles, indicative of an active 
muscle degeneration process, were associated with worse 
prognosis [23].

CK is an enzyme found in several domains of the mus-
cle fibre, and is therefore an unspecific marker of muscle 
damage [4]. In LGMD-R2, values are elevated early in the 
disease course, and they progressively fall as individuals age 
and the disease progresses, likely reflecting the decline in 
overall contractile muscle mass [11]. The inclusion of the 
CK in the clinical model suggests that, despite it not reliably 
correlating to disease severity, it carries unique information 
on an individual’s disease stage. This is consistent with pre-
vious analyses [35] which identified associations between 
CK levels, disease duration, FF, water T2 times, and base-
line phosphorus MR spectroscopy (PMRS) values. Together, 
these findings support the idea that CK captures aspects of 
the condition that neither disease duration nor mobility can 
fully explain, improving the accuracy of the model in pre-
dicting stage of progression over the coming three years.

Fig. 4   Receiving operator curve for the clinical-only model (red) and 
the clinical and MRI model (green). AUC​ area under the curve, MRI 
magnetic resonance imaging

Table 2   Clinical binary logistic 
regression model (table and 
equation)

p =
1

1+e−(1.009−0.133×dd+0.353×CK−1.73×10MWRV)

10MWR 10 m walk/run test, CI confidence interval, CK creatine phosphokinase, OR odds ratio, SE stand-
ard error, V velocity

Predictor B (β) SE Wald χ2 p OR 95% CI OR

CK (1000 U/L) 0.353 0.057 39.0 < 0.001 1.42 1.28–1.59
Disease duration − 0.133 0.031 18.9 < 0.001 0.88 0.82–0.93
10MWR velocity − 1.730 0.284 37.0 < 0.001 0.18 0.10–0.31
Constant 1.009 0.641 2.5 0.115 2.74
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The clinical variables identified by the model, CK lev-
els, 10MWTV, and disease duration, are consistent with 
established clinical knowledge and capture fundamental 
dimensions of disease severity and progression in dysfer-
linopathy, with its identification as relevant variables rein-
forcing existing knowledge. Moreover, our study highlights 
their combined relevance specifically in predicting disease 
progression, an area where longitudinal evidence remains 
comparatively limited. Furthermore, in the context of neuro-
muscular disorders, where numerous outcome measures can 
be collected but time and resources in both clinical practice 
and trial settings are constrained, the identification of a small 
set of readily available variables with meaningful predic-
tive value may help simplify assessments. This could allow 
clinicians and researchers to focus on the most informative 
measures, reducing burden while still capturing key aspects 
of disease evolution.

These findings are relevant as they could improve inclu-
sion criteria and stratification in future clinical trials, given 
that most interventional studies last between one and three 
years, with a maximum of around five if there is a long-term 
extension phase. Accounting for this could help minimize 
the confounding effect disease stage and individual disease 
progression rate could have on an intervention’s efficacy. 
Moreover, even though this condition has traditionally been 
described in the literature as a “late onset, slowly progres-
sive” disorder, the LGMD patient community does not fully 
agree with this, highlighting its progressive and irreversible 
nature and how time is not on their side, voicing concerns 
about the length of clinical trials [37].

Individuals were clustered based on three-year follow-up 
data; therefore, our results cannot be extrapolated to longer 
periods of time. Repeating the analysis on a larger dataset 
with more individuals and longer follow-up periods would 
allow us to improve our understanding on disease natu-
ral history. It could help determine how long this actively 
declining phase lasts before individuals plateau, whether 
this is consistent among individuals or some have shorter or 
longer declines, if all patients deteriorate at the same rate, 
and if this can be predicted.

Another limitation is the fact that by including disease 
duration in the models, individuals who do not show any 
signs or symptoms cannot be reliably assessed through 
them. If we were to evaluate an asymptomatic individual, 
the model would technically allow us to input a disease dura-
tion of zero, which should return a higher probability, and 
therefore classify the individual as being at a fast stage of 
progression. However, this would not fully reflect the natural 
history of this condition. An asymptomatic 16-year-old and 
an asymptomatic 30-year-old (this latter situation being rare 
but seen in our clinical experience) would not be expected 
to have the same chances of entering a fast stage of progres-
sion over the following years. The fact that an individual has 

remained asymptomatic past their twenties already suggests 
a more indolent lifelong course, and it is less likely that they 
will ever go through the fast progression stage previously 
described in our cohort. Although the model incorporates 
other variables, qMRI measurements are expected to be 
similar between asymptomatic individuals as they correlate 
with muscle strength, and CK could potentially be higher in 
younger patients. However, because age at assessment is not 
included, the model may underestimate these differences and 
oversimplify the predicted trajectory for these cases.

Moreover, we only included ambulant individuals as we 
based our definition of progression on the NSAD scale. 
This is not a minor limitation of our study, as it restricts the 
generalisability and clinical applicability of our findings. A 
proportion of individuals with dysferlinopathy will eventu-
ally lose ambulation and are therefore excluded from our 
analysis. However, this decision was made deliberately, as 
including non-ambulant individuals would have introduced 
substantial heterogeneity. In such cases, a lack of measurable 
progression on the NSAD may not reflect true disease stabil-
ity, but rather a floor effect, where individuals have limited 
remaining function to lose. Consequently, grouping early-
stage, slowly progressing individuals with those who are 
non-ambulant would not be physiopathologically compara-
ble. Furthermore, given that clinical trials in this field often 
prioritize ambulant individuals in earlier disease stages, we 
chose to align our approach with this context. This issue 
also reflects the existing need for an outcome measure able 
to linearly project patients at all severity stages. If individu-
als were clustered using a scale that looked into upper limb 
function which is involved later in the disease, like the PUL 
scale [17], this would help provide further insight into the 
severity and impact of upper limb weakness, whether the 
progression is slow over time or whether there is a period 
of more marked decline like the one described in the lower 
limb function. Unfortunately, PUL data were not available 
from baseline in COS 1, limiting our ability to explore this 
aspect. Future analyses using COS 2 data, where this scale 
has been consistently collected from baseline, will help 
address this gap.

Additionally, our study showed that the different data 
modalities and features collected often express collinear-
ity and information redundancy. Our AI-based strategy for 
feature selection prioritized quantitative measures over tests 
relying on patients’ cooperation, suggesting they are able to 
better capture the latent disease information with minimal 
variance. This finding is critical to the design of prospec-
tive studies, helping minimize data collection efforts while 
ensuring information richness. At the same time, the com-
plexity of the database and the high degree of correlation 
and information overlap between variables constitute a sig-
nificant limitation, as they reduce the ability to draw robust 
and unbiased conclusions.
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Last but not least, our conclusions should be validated 
with an independent cohort of individuals with LGMD-R2 
to increase their robustness and generalisability, and to con-
firm that the performance of the proposed models is main-
tained across different populations. External validation is a 
key step to ensure that the observed associations and predic-
tive metrics are reproducible and not specific to the current 
dataset. While our findings provide a strong basis for further 
investigation, such validation will be essential before these 
approaches can be confidently applied in clinical practice 
or trial settings.

In conclusion, our findings emphasize how the clinical 
rate of progression that an individual is currently experienc-
ing varies according to disease stage and stress the value of 
integrating multiple data modalities to maximize the knowl-
edge derived from the analysis, in this case by integrating 
AI-based techniques into the methods. By identifying a 
cluster of individuals at a higher risk of a faster functional 
decline, we present a model that could refine inclusion cri-
teria, stratification, and trial design. On the one hand, enroll-
ing patients going through a fast progression phase could 
increase the likelihood of detecting a treatment effect in a 
shorter period, as measurable change is occurring faster. 
On the other hand, individuals in a phase of rapid decline 
may have entered a cascade of pathological events that is 
less amenable to therapeutic modification, potentially limit-
ing the observable benefit of an intervention. Nevertheless, 
accurately identifying the disease progression stage is essen-
tial for appropriate interpretation of treatment effects and 
clinical outcomes. The fact that the combined model out-
performed the clinical-only one highlights the importance 
of qMRI as a biomarker, and its inclusion in natural history 
studies and interventional clinical trials alongside clinical 
outcome measures. Future work on larger and independent 
cohorts is essential to validate these observations. Moreo-
ver, an extended follow-up and the analysis of progression 
in non-ambulant individuals using scales measuring upper 
limb performance could lead to a more in-depth phenotyp-
ing of the more severely affected individuals with LGMD-
R2 and ultimately assessing whether the expected change is 
substantial enough to allow a treatment effect to be reliably 
detected, and therefore, this group of individuals be included 
in interventional trials.

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​1007/​s00415-​026-​13868-0.
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