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ABSTRACT

Background: Neuromuscular diseases (NMDs) are rare disorders characterized by progressive muscle fibre loss, leading to
replacement by fibrotic and fatty tissue, muscle weakness and disability. Early diagnosis is critical for therapeutic decisions,
care planning and genetic counselling. Muscle magnetic resonance imaging (MRI) has emerged as a valuable diagnostic tool by
identifying characteristic patterns of muscle involvement. However, the increasing complexity of these patterns complicates their
interpretation, limiting their clinical utility. Additionally, multi-study data aggregation introduces heterogeneity challenges. This
study presents a novel multi-study harmonization pipeline for muscle MRI and an AI-driven diagnostic tool to assist clinicians
in identifying disease-specific muscle involvement patterns.

Methods: We developed a preprocessing pipeline to standardize MRI fat content across datasets, minimizing source bias. An
ensemble of XGBoost models was trained to classify patients based on intramuscular fat replacement, age at MRI and sex. The
SHapley Additive exPlanations (SHAP) framework was adapted to analyse model predictions and identify disease-specific mus-
cle involvement patterns. To address class imbalance, training and evaluation were conducted using class-balanced metrics. The
model's performance was compared against four expert clinicians using 14 previously unseen MRI scans.

Results: Using our harmonization approach, we curated a dataset of 2961 MRI samples from genetically confirmed cases of
20 paediatric and adult NMDs. The model achieved a balanced accuracy of 64.8% =+ 3.4%, with a weighted top-3 accuracy of
84.7% +1.8% and top-5 accuracy of 90.2% +2.4%. It also identified key features relevant for differential diagnosis, aiding clinical
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decision-making. Compared to four expert clinicians, the model obtained the highest top-3 accuracy (75.0% + 4.8%). The diagnos-

tic tool has been implemented as a free web platform, providing global access to the medical community.

Conclusions: The application of AT in muscle MRI for NMD diagnosis remains underexplored due to data scarcity. This study
introduces a framework for dataset harmonization, enabling advanced computational techniques. Our findings demonstrate the
potential of AI-based approaches to enhance differential diagnosis by identifying disease-specific muscle involvement patterns.
The developed tool surpasses expert performance in diagnostic ranking and is accessible to clinicians worldwide via the Myo-

Guide online platform.

1 | Introduction

Neuromuscular diseases (NMDs) are a heterogeneous group of
disorders affecting the function of skeletal muscle, often char-
acterized by progressive muscle wasting and its substitution by
non-contractile fatty and connective tissue. NMDs can manifest
across all age groups and are associated with a wide range of
clinical presentations, from mild muscle weakness to severe
disability, and are sometimes associated with life-threatening
complications [1].

An early and accurate diagnosis is a critical step in effectively
managing and treating NMDs. However, diagnosing these dis-
orders presents a challenge due to their diverse and overlapping
clinical presentations. Magnetic resonance imaging (MRI) has
increased in popularity during the last decades as a tool for
studying NMDs, as it allows for muscle and fatty tissue differ-
entiation [2, 3].

Different methods exist to assess fat replacement, which can
be categorized into two broad groups: quantitative and semi-
quantitative. The main quantitative technique for intramus-
cular fat assessment is the chemical shift-based water and
fat separation (or Dixon) technique. This imaging technique
separates fat and water signals in different images, allowing
the reconstruction of a fat fraction (FF) map [4]. A precise
measure of the FF can then be retrieved by selecting regions
of interest (ROIs) in the FF map [5]. Although this technique
yields a reliable measurement, most of the available retro-
spective data consist of qualitative Tlw scans [2]. The main
semi-quantitative techniques are based on the Mercuri score,
a visual 5-point scale ranging from 0 (healthy muscle) to 4
(completely fat-replaced muscle) [6].

Muscle fatty replacement is not random, and different disease-
causing genes have been linked to the selective involvement
of groups of muscles. This has allowed the identification of
the so-called patterns of fat replacement, which are useful in
proposing a potential diagnosis [7-9]. However, the number
of patterns described has increased considerably, making the
identification of patterns a complex and time-consuming task
that requires a high degree of expertise. Moreover, many of
these patterns are overlapping, and there is no atlas collecting
and keeping findings up to date [9]. This complexity is ideally
suited for the capability of artificial intelligence (AI) tech-
niques, allowing for a deeper analysis of muscle fat replace-
ment patterns [10].

Emerging Al tools have proven to be useful for the diagnosis
of NMDs using MRI data [11-13]. However, current studies

are focused on a relatively small number of NMDs, and the
identified patterns lose specificity when compared against a
larger pool of disorders [14]. In 2020, we published a paper
sharing the results of a pilot machine learning-based (ML)
tool for diagnosing multiple NMDs using MRI data [15]. We
demonstrated that supervised ML techniques are useful for
NMD diagnosis, and we also identified several limitations that
require addressing:

« AI models are often considered hard-to-interpret black
boxes. However, in clinical settings, model explain-
ability is critical to validate the results of such models.
Furthermore, understanding the decision process of a di-
agnosis model can help identify novel insights about the
disease's evolution. Multiple AI explainability techniques
have been presented; however, these are yet to be used
and adapted for understanding muscle involvement in
NMD patients.

« The impact of AT models for patient diagnostics is limited
by their accessibility, and clinicians require an interface to
interact with such models.

« Current approaches have targeted a limited number of dis-
eases, and there is a need for a general model, able to gener-
alize over a larger pool of disorders.

Additionally, collecting a dataset eligible for AI analysis de-
mands joining retrospective data from multiple sites and mul-
tiple studies, leading to different types of heterogeneity in the
data [16]:

o Scale: Intramuscular fat replacement can be measured
using multiple continuous and discrete scales. All scales
describe a value for healthy and completely fat-replaced
muscle; however, discrete scales do not align on how the se-
verity is quantized. Unless the proportion of samples using
each scale is equal across NMDs, the degree of muscle in-
volvement may be emphasized more in some conditions
than others in the compiled dataset. This effect, known as
scale information leakage, may lead to false predictors in
diagnosis (Figure 1a).

» Muscle grouping: Researchers often group muscles due to
similar function or involvement, spatial proximity or low
MRI scan resolution (i.e. grouping the psoas and iliacus
muscles into iliopsoas). Integrating data from studies using
different feature groups requires a flexible data model able
to unify the feature space.

« Bilateral/unilateral scores: Muscle fat replacement can
be scored for both sides of the body (left and right) at
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FIGURE1 | (a) Representation of the different muscle fat scales found in the dataset. Each row represents a different scale, and each coloured
circle represents a possible value. The fat fraction scale is continuous, and the rest are discrete. Discrete scales are projected over the FF scale to show

differences in muscle fat quantisation. (b) MRI examples of healthy muscle, (c) intermediate-stage muscle and (d) late-stage muscle. Fatty tissue

appears with high intensity in the MRIs (white/light grey), whereas muscle tissue appears with low intensity (dark grey). The top row of the MRIs

represents a pelvis/waist-level axial slice, the second row represents a thigh axial slice, and the last row represents a calf axial slice.

the expense of increasing the time required for scoring.
However, most NMDs show symmetrical muscle involve-
ment, resulting in redundant information when reporting
the data. For the sake of time and visual clarity, some re-
searchers choose to report unilateral or average scores.

This heterogeneity can bias classification models if not ac-
counted for. Therefore, a data harmonization pipeline is re-
quired to adapt muscle fat replacement measurements to a
unique scale.

In this paper, we aim to provide solutions to these limitations.
We present the following:

« A software pipeline for multi-study and/or multicentre
muscle MRI data harmonization.

« The collection of the largest available multi-study dataset for
NMDs, consisting of 3463 patient records across 40 diseases.

« A scalable NMD diagnosis ensemble model based on the
XGBoost algorithm.
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« An adaptation of current AI explainability methods
(SHapley Additive exPlanations [SHAP]) and the creation of
novel visualization techniques to identify and understand
discriminative patterns of muscle involvement in NMDs.

« Myo-Guide, a web portal hosting the diagnosis model and
serving as a platform for pushing forward the role of MRI in
the study of NMDs.

2 | Materials and Methods
2.1 | Study Data

We established the Myo-Guide consortium to collect a large
MRI data repository on a wide range of NMDs. Thirty-four clin-
ical sites from Europe, America and Asia collaborate by shar-
ing MRI scans and muscle fat data via the secure Myo-Share
platform [17]. Published datasets of muscle fat replacement were
also incorporated [S1-S24]. Age and sex were collected when
available.

All included patients required a confirmed genetic diagnosis.
T1-weighted lower limb MRI scans were collected, and all
muscles were scored using a 5-point scale (values from 0 to
4) by an experienced clinician. Left and right muscles were
scored to assess asymmetric involvement. Already existing
muscle fat scores were directly integrated. The number of
samples extracted from the literature are as follows: GNE (31),
SarcoG (155), PABPN1 (277), FKRP (93), DUX4 (153), LMNA
(37), CAPN3 (82), SMNI1 (55), OPDM (77), ANOS5 (26), DMD
(119), DMPK (134) and PYGM (46). All samples of the disor-
ders not mentioned were manually scored by Diaz-Manera J.,
Bolafio-Diaz C. and Selen Kocak G.

For longitudinal data, each time point was considered a new
sample. To avoid data leakage from non-independent samples,
we grouped samples by patient and used each group exclusively
for training or testing.

As of submission, the Myo-Guide Consortium has gathered
3463 lower limb muscle MRI samples from patients genetically
diagnosed with 40 NMDs. We selected all diseases with at least
30 samples, resulting in 2961 samples from 20 NMDs. An over-
view of this subset and labels used for each disease is available
in Table 1. The labels represent either the main gene causing
each disease or a short disease name. Please note that the DMD
class (dystrophinopathies) includes both Duchenne and Becker
muscular dystrophies.

2.2 | Muscle Score Harmonization

To merge existing datasets with different muscle groupings, we
defined two simple operations: muscle merging and group ex-
pansion. Muscle merging joins multiple muscles into a single
muscle group by averaging the scores of each individual muscle
(peroneus brevis and peroneus longus into peronei). Group ex-
pansion divides a muscle group into its individual muscles by
assigning the same score to each muscle (biceps femoris into bi-
ceps femoris long head and biceps femoris short head).

We averaged bilateral scores into mean muscle scores. The
asymmetry of each muscle was defined as the difference be-
tween both sides, and the mean and standard deviation of the
asymmetry were calculated for each patient.

We normalized all scales to a range between 0 (healthy mus-
cle) and 100 (completely fat-replaced muscle), considering the
range of values of each original scale. Fat fraction scores were
not normalized, as they already range between 0 and 100. Then,
we rescaled the scores by subtracting the leave-one-out mean
of each patient from each muscle fat replacement feature. This
transformation removes the information representing the over-
all amount fatty replacement, which indicates the disease stage
of the patient. To keep this crucial information, we added the
mean muscle involvement of each patient (before scaling the
scores into relative scores) as an additional feature. After pro-
cessing, fat score features are left in a range between —100 and
100. Negative values indicate muscles with a lower fat content
than the average of the patient, and vice versa.

2.3 | Missing Data

The final dataset consists of an aggregate of patient data from
various sources and studies, collected following distinct proto-
cols. The muscles reported by different sources vary, leading to
blocks of missing information for some disorders. We imputed
missing values using the K-nearest neighbour (KNN) algorithm,
which has proven to perform well with blocks of missing data,
as it does not make strong assumptions about the distribution
of the data, leverages information from complete features and
captures multivariate relationships [S25, S26].

2.4 | Oversampling and Data Augmentation

To mitigate the impact of class imbalance, the Synthetic
Minority Oversampling Technique for Nominal and
Continuous (SMOTE-NC) was employed [S27]. This tech-
nique involves generating synthetic samples for the minority
classes, thereby increasing their representation in the data-
set. SMOTE-NC helps prevent the model from being biased
towards the majority class, resulting in more balanced train-
ing data.

Additionally, SMOTE-NC allows to further mitigate scale infor-
mation leakage by blurring the quantization after rescaling the
fat scores. We modified SMOTE-NC to oversample all classes,
including the majority class, regulated by the parameter aug-
ment_factor. Resampling was performed only on the training
subset to avoid leaking training information into the validation
data. Hence, we use SMOTE-NC as a general data augmentation
technique.

2.5 | Model Training and Evaluation

The processed data were used to train and validate an XGBoost
classifier using a nested cross-validation approach. The outer
cross-validation splits the data into 10 stratified folds to provide
an unbiased estimate of the model's performance. Samples were
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TABLE1 | Dataoverview.
Sex Side Scale

Disease Label N MeanAge M F B A U 0-4 0-5 1-4 2a2b FF
Anoctaminopathy ANO5 116 50.06 73 41 116 0 0 90 0 26 0 0
Calpainopathy CAPN3 139 36.16 61 74 76 18 45 54 0 66 0 19
Myotonia congenita CLCN1 31 46.07 16 15 31 0 0 31 0 0 0 0
Dystrophinopathies DMD 179 27.22 179 0 157 0 22 106 22 0 51 0
MD type 1 DMPK 142 45.65 84 53 142 0 0 142 0 0 0 0
FSHD type 1 DUX4 489 46.34 145 143 349 140 O 336 13 0 0 140
Dysferlinopathy DYSF 594 38.48 284 298 238 356 0 238 0 0 0 356
LGMDR9 FKRP 112 38.17 32 44 19 46 47 55 11 0 0 46
Pompe disease GAA 116 43.08 28 31 116 0 0 116 0 0 0 0
GNE myopathy GNE 75 34.27 32 38 57 0 18 75 0 0 0 0
Hypokalaemic periodic HypoPP 41 45.22 27 14 41 0 0 41 0 0 0 0
paralysis

Laminopathies LMNA 85 37.88 21 23 18 67 0 77 0 8 0 0
OPDM OPDM 77 52.21 37 40 0 69 8 77 0 0 0 0
OPMD PABPN1 288 62.84 130 112 184 104 0 238 0 8 0 42
McArdle disease PYGM 67 43.76 34 32 21 46 0 21 0 0 0 46
Hyperkalaemic periodic SCN4A 30 43.87 16 14 30 0 0 30 0 0 0 0
paralysis

Spinal muscular atrophy SMN1 71 19.24 27 16 16 0 55 16 0 0 55 0
Sarcoglycanopathies SarcoG 170 20.98 55 51 84 64 22 84 22 64 0 0
Titinopathy TTN 81 18.38 41 36 81 0 0 32 49 0 0 0
VCP-related myopathy VCP 58 51.64 31 12 4 0 54 4 0 54 0 0

Note: Each disease has a shorter label assigned, which has been used throughout this document. The age column shows the mean value, whereas the rest shows the

sample counts. Counts of samples with an unknown sex are not represented. Sex is coded as M (male) and F (female). The scores side is encoded as B (bilateral score), A
(average scores) and U (unilateral scores). The different scales used to measure fat replacement are the 5-point Mercuri score (0-4), 6-point Mercuri score (0-5), 4-point
Mercuri score (1-4), 5-point Mercuri score with two subcategories on point 2 (2a2b) and Dixon fat fraction (FF). The definition of each scale is available in Figure 1a.

Abbreviations: FSHD, facioscapulohumeral muscular dystrophy; MD, myotonic dystrophy; OPDM, oculopharyngodistal myopathy; OPMD, oculopharyngeal muscular

dystrophy.

grouped by patient to avoid mixing multiple samples of the same
patient in different folds. The inner cross-validator splits the
data into 5 stratified folds to optimize the hyperparameters.

We conducted a comparative analysis of the performance of
XGBoost and random forest, the latter being another widely
used decision tree-based algorithm, which we employed in our
previous pilot study [18] Additionally, we evaluated the efficacy
of KNN for the classification task [19], considering that KNN
was also utilized for data imputation in this study.

Given the presence of class imbalance in the dataset, the opti-
mization was based on the balanced accuracy metric, which ac-
counts for the unequal distribution of classes and prevents bias
towards the majority class. This approach aimed to enhance the
model's generalizability and its ability to accurately classify in-
stances from all classes, including the minority ones. Balanced
accuracy is defined as the average recall obtained in each class.

We also calculated a class-weighted top-n accuracy, W, defined
as in Equation (1).

Zil w, - I(y; €P,;)
W, = =5 o
=1 WYi

where w), is the weight assigned to the class y of the sample i, S is
the total number of samples, and I is the indicator function that
returns 1 if the true label y; is within the top n predictions P,
and 0 otherwise. We calculate the class weights as the inverse of
the class frequencies, expressed in Equation (2).

W= —
" count(y,) @)

where count(y;) is the number of samples belonging to the
class y;
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We also evaluated the model by calculating the One-vs-Rest
and One-vs-All receiver operating curves (ROCs) and preci-
sion-recall curves (PRCs). To calculate the One-vs-Rest PRCs,
the multiclass classification is decomposed into multiple binary
classification problems. For each class, we calculated the ROC
by treating that class as the positive class and all others com-
bined as the negative class. This allows us to assess classifier
performance for each class against the rest.

When calculating the One-vs-One PRCs, the results are again
broken down into multiple binary classification problems. For
each pair of diseases, the model is evaluated twice: first by con-
sidering one of the diseases as the positive class and the other as
the negative class and then the other way around. The results
of both are averaged to represent the PRC curve for the pair of
diseases.

2.6 | Hyperparameter Optimization

We optimized the hyperparameters using Bayesian optimi-
zation techniques. Bayesian optimization works by sampling
points in the parameter space using the results of previous sam-
pled points, converging orders of magnitude faster than a grid
search of parameters and yielding better results than a random
parameter search [S28].

A tree-structured Parzen estimator (TPE) was used to sam-
ple points in the parameter space [S29], and each parame-
ter combination was tested using the inner cross-validator.
Hyperparameter optimization was performed using the Optuna
framework [S30].

The TPE sampler was initialized with 30 points, and 60 different
hyperparameter combinations were sampled at each fold. The
parameter combinations with performance over the 90th per-
centile of each outer cross-validation fold were used to create an
ensemble of XGBoost models by averaging the outputs of each
individual model. Given that the SHAP values used for explain-
ing the model are calculated using the raw marginal outputs of
the XGBoost models, we averaged the marginal outputs of the
ensemble and applied the softmax function to the result, defined
as in Equation (3).

ou-max(x)

s __er Tvv
softmax(x) 211;1 Ku—max(X;)

©)

where X; represents ith row of the input array X, corresponding
to the set of scores for the ith instance. x; is the score for the j
th class in the ith instance, and K is the total number of classes.

2.7 | AI Versus Clinical Experts’ Comparison

We compared the model’s performance to that of field experts
using a dataset composed entirely of previously unseen mMRI
scans. For each neuromuscular disorder, one scan was randomly
selected. However, due to the unavailability of new mMRI scans
for every disorder, this set contained 14 scans representing 14 dif-
ferent NMDs: FKRP, DMD, VCP, DMPK, GNE, CAPN3, SCN4A,
ANOS5, SarcoG, DYSF, DUX4, PABPN1, LMNA and GAA.

Four clinicians with long expertise in the use of MRI for diag-
nosis of patients in the clinical setting participated in this ex-
periment (C.B., G.T., V.S. and J.D.). They were blinded to the
diagnosis for each scan and were told that NMDs could repeat
within the test dataset. Some mMRIs included muscles not used
in the model (paraspinal, arm muscles, etc.), which were manu-
ally masked out of the scans to make a fair comparison. Age and
sex data were available for all patients except for patient P14, for
whom the age at scan was not recorded. Most MRI scans cov-
ered the pelvis, thigh and lower leg muscles; however, patients
P1 and P12 did not have lower leg images, and patients P8, P11
and P13 were missing some upper pelvic muscles.

The experts were asked to select, in order of preference, 3 po-
tential diagnoses. They were allowed to look at the mMRI scan
and use any other visual features, such as muscle morphology,
intramuscular fat distribution and texture. Some experts were
unable to provide the full raking for some patients due to uncer-
tainty. These missing values were imputed by selecting a ran-
dom diagnosis.

Muscles were manually scored by C. Bolafio-Diaz and processed
following the pipeline defined in this manuscript. The model
was used to produce predictions, and their accuracy was eval-
uated using top-K accuracy curves. SHAP values were used to
explain each prediction, and a round table between the experts
was held to evaluate the results of the experiment and gain in-
sights about the patterns identified by the model.

3 | Results
3.1 | Harmonization and Preprocessing

Our proposed harmonization and preprocessing pipeline scales
all intramuscular fat scores to a range from —100 to 100. In this
new space, negative values indicate muscles less affected than
the average of the patient and vice versa. In Figure 2a,b, we
show the effect of this pipeline: Before processing, scale infor-
mation can be easily recovered from the muscle fat scores. Given
that the distribution of scales is not equal across diseases, this
information would introduce bias in the model if not accounted
for. After processing, scores show a similar distribution inde-
pendently of the scale and do not leak scale information into the
data. A complete comparison across all target diseases can be
found in Figure S1.

Scaling the fat scores by subtracting the leave-one-out mean
helps in highlighting the relative involvement of muscles in-
dependently of the disease stage, allowing the identification of
patterns of muscle involvement more effectively than by plotting
absolute fat scores. Figure 2c shows an example of the processed
data for the SarcoG class as a heatmap sorted by mean muscle
fat score. We can observe an early relative involvement of the
pelvic muscles (glutei, piriformis, obturators, pectineus, quadra-
tus femoris and adductors) except for the iliopsoas and tensor
fasciae latae. We can also observe a relatively low involvement
of the lower leg muscles (tibialis anterior and posterior, peronei,
gastrocnemii, soleus and flexors) at an intermediate disease
stage. The tibialis posterior and flexor digitorum longus mus-
cles show a minimum relative involvement at a late stage of the
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FIGURE 2 | Distribution of muscle fat scores before (a) and after (b) processing for CAPN3, DMD and SMN1. Normalized stacked densities are
shown for each different scale. The discrete values shown in Figure 1a are highlighted in the left figure. Scores outside of the discretised values cor-
respond to mean values from the left and right legs. (c) Heatmap of the data for SarcoG. Patient samples are shown in rows and features in columns.
Rows are sorted by mean fat score, with late-stage patients in the upper rows and early-stage patients in the lower rows. Asymmetry is calculated
as the difference between each left and right muscle, and the mean and standard deviation of the asymmetry of all muscles are added as features for

each patient. Empty (white) spaces represent missing data. Muscle abbreviations: biceps femoris long head (bflh), biceps femoris short head (bfsh),

flexor hallucis longus (fhl) and flexor digitorum longus (fdl). The extensor digitorum longus and extensor hallucis longus have been grouped and

named ‘extensors’.

disease. Heatmaps for the rest of the target diseases can be found
in Figures S2-S20.

3.2 | Diagnosis Model

The degree of intramuscular fat replacement, age, sex and asym-
metry were used as input features to train an XGBoost classifier
ensemble. The model ensemble obtained an average balanced
accuracy of 64.8%+3.4%. We also assessed the performance
of the model in suggesting multiple diagnoses by measuring
the weighted top-N accuracy. This metric evaluates the per-
centage of samples where the ground truth is within the top-N
choices of the model, weighting each class to avoid the effect

of class imbalance. We obtained a weighted top-3 accuracy of
84.7% +1.8% and a weighted top-5 accuracy of 90.2% =+ 2.4%.

We complemented these metrics by calculating the confusion
matrix, ROC curves and PRCs of the model ensemble (Figure 3).
The confusion matrix (Figure 3a) breaks down the results of the
ensemble predictions by class, comparing the model predictions
against the ground truth. To compensate for class imbalance and
make the confusion matrix easier to interpret, we normalized
it by ground truth (Figure 3b). The model ensemble predicted
correctly 80% or more of the patients labelled with GNE and
PABPN1 and between 70% and 80% of the patients labelled with
DMPK, DUX4, DYSF, GAA and SarcoG. However, it struggled
in predicting patients labelled with ANOS5 and FKRP, guessing
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a) Confusion matrix (absolute values) using xgboost b) Confusion matrix (percentage of class samples) using xgboost
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FIGURE 3 | Evaluation plots for the XGBoost model ensemble. (a) Confusion matrix of the model with the test data. The ground truth is shown
in rows and the model predictions are in columns. The diagonal corresponds to the correctly predicted samples. (b) Confusion matrix normalized by

ground truth (rows). (c) One-vs-Rest receiving operating curves for each disease (blue) and micro- and macro-averaged curves (red). The area under

the curve for the micro- and macro-averaged curves is shown in the legend. (d) One-vs-Rest precision-recall curves for each disease (blue) and mi-

cro- and macro-averaged curves (red). The area under the precision-recall curve for the micro- and macro-averaged curves is shown in the legend.

correctly in 53% and 58% of the patients respectively. Finally, we
consider that the model failed in predicting CLCN1, HypoPP
and SCN4A, guessing correctly under 40% of the patients.

The latter three diseases are the least represented in the dataset
(31, 41 and 30 samples respectively), and they are characterized
by a mild or absent fatty replacement in muscle, except for some
patients (Figure S21) [20]. This suggests that the lack of muscle
involvement lowers the performance of the model in predicting
these diseases, requiring additional features for providing a pre-
cise diagnosis.

The ROCs (Figure 3c) seem to offer an overoptimistic mea-
surement of the model performance with an AUC over 0.95
for both the micro- and macro-averaged ROCs. This can be
explained as an effect of class imbalance, which is better
leveraged by the PRC [21]. In the One-vs-Rest PRC curves
(Figure 3d), we can easily identify the three underperforming
curves (corresponding to CLCN1, HypoPP and SCN4A). Still,
the micro- and macro-averaged PRC curves suggest a good
overall performance, with AUPRCs of 0.780 and 0.671 respec-
tively. The performance metrics for each disease are shown in
Table S1.
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One-vs-One PRCs using a xgboost ensemble

ANO5 CAPN3CLCN1 DMD DMPK DUX4 DYSF FKRP GAA GNE HypoPPLMNA OPDMPABPN1PYGM SCN4A SMN1 SarcoG TTN  VCP

VCP  TTN SarcoG SMN1 SCN4A PYGMPABPN1OPDM LMNAHypoPP GNE GAA FKRP DYSF DUX4 DMPK DMD CLCN1CAPN3 ANOS

0.9988

0.9000

0.8000

AUPRC

0.7000

0.6000

0.5000

0.4469

FIGURE4 | Average One-vs-One precision-recall curves. The areas under the precision-recall curves (AUPRC) are represented for each pair of
diseases. Histograms of the mean fat score for each NMD are shown in the diagonal.

To further understand the performance of the model, we calcu-
lated the One-vs-One PRCs (Figure 4). Again, we can observe
a lower performance when predicting CLCN1, HypoPP and
SCN4A, especially when comparing them against diseases with
a high positively skewed mean fat score distribution. We also
observe how the model tends to confuse ANO5 and CAPN3 with
DUX4 and DYSF. The latter two are the majority classes in the
data and seem to bias the model, lowering the performance in
predicting ANOS5 and CAPN3. The rest of the diseases do not
appear to be affected by this.

3.3 | Classifier Comparison

Random forest achieved comparable results to XGBoost, ob-
taining a balanced accuracy of 64.3%=+3.0%. KNN required
significantly lower resources and time to train with minimal hy-
perparameter optimization and managed to achieve a balanced
accuracy of 59.3% + 2.3% (Figure S22).

3.4 | Model Interpretation

The SHAP framework, grounded in the cooperative game
theory concept of Shapley values, offers an intuitive and theo-
retically robust method for dissecting the decision-making pro-
cesses of various machine learning models [22]. It achieves this

by attributing the contribution of each feature in the dataset to
the model's prediction, unravelling the opaque inner workings
of complex models.

Traditionally, the patterns of muscle involvement in differ-
ent diseases have been described in an isolated way or within
small disease groups. Although this method helps character-
ize the progression of a disease, patterns identified in this way
lack the differential specificity to help diagnose NMD patients
[14]. By using SHAP values, we can identify patterns of muscle
involvement unique for each disease within the pool of NMDs
used to train the diagnosis model. A more detailed explana-
tion on SHAP and how it can be interpreted is available in the
Data S2.

In Figure 5a, we show a heatmap with the mean absolute SHAP
value of each feature (columns), divided by each NMD (rows).
We clustered the SHAP values to identify disease groups by
feature importance. The model identifies two main groups:
diseases characterized by the mean fat score (PYGM, DMPK,
CLCN1, OPDM and SCN4A) and diseases characterized by
the gastrocnemius medialis, soleus, age and adductor magnus
(PABPN1, SMN1 and SarcoG). The vastus lateralis and medialis
are especially relevant in diagnosing GNE. These muscles have
been described to be completely spared in early and mid-stage
patients, showing involvement mostly in the final stage of the
disease [23, 24].
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FIGURE 5 | Model explainability using SHAP values. (a) Clustered mean absolute SHAP value. Features are shown in columns and diseases are

shown in rows.

The absolute SHAP value gives an overall indication of the importance of each feature. (b) SHAP values of the 10 most important

features in predicting SarcoG, with each patient represented as a dot. Positive SHAP values indicate a positive impact on the prediction (increase in

odds of predicting the target disease) and vice versa. Feature values are colour-coded: ‘High’ is equivalent to the maximum feature value, and ‘low’ is
equivalent to the minimum feature value. (c) Clustered mean absolute interaction values for SarcoG. The main effect values (diagonal) have been set
to 0 to avoid obscuring the interaction values. (d) Interaction values between age and soleus for SarcoG, showing all patients. (e) Interaction values
between age and soleus for SarcoG, only showing patients diagnosed with SarcoG (ground truth). Age is normalized to a —100-100 range.

We can further explore the importance of features for each dis- values for the age feature suggests that having a low age is ex-
ease by analysing the distribution of SHAP values within each tremely important for some specific patients. SHAP values for
disease and feature. Taking SarcoG as an example (Figure 5b), all diseases are available in Figure S23.

we can observe how having a high age is consistently associated

with not having SarcoG, as indicated by the wide trail of neg- Understanding the interactions between features can provide
ative shape values. In contrast, the long trail of positive SHAP deeper insights into the characteristic patterns of each disease.
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SHAP allows us to calculate interaction values for each pair of
features; however, analysing each pair of interactions becomes
unpractical as the feature space increases. To approach this
problem, we proposed clustering the mean absolute interaction
values. For the SarcoG example (Figure 5c), we observe how the
age, gluteus maximus and soleus have larger absolute interac-
tion values, suggesting a synergy between these features. When
analysing the interaction between soleus and age (Figure 5d,e),
we observe that involvement of the soleus close to the average
of the patient (values close to 0) at an early age increases the
odds of diagnosing SarcoG. Although the scientific community
has already identified a rapid-progressing childhood variant and
slow-progressing adult-onset variant for SarcoG [7, 25], we are,
to the best of our knowledge, the first ones to link these variants
to the soleus involvement as a discriminative feature for diag-
nosing SarcoG.

3.5 | AI Versus Experts' Results

In the comparative evaluation between the AI model and ex-
perienced clinicians in mMRI analysis, Myo-Guide demon-
strated the highest top-3 accuracy (75.0% + 4.8%), outperforming
Expert D (64.3%) as shown in Figure 6a. Conversely, when con-
sidering only the primary prediction, the model ranked third
(48.6% +£8.9%), with Expert A achieving the highest accuracy
(57.4%). A comprehensive breakdown of these results is pro-
vided in Figure 6b. Notably, both the model and the clinicians
partially or entirely misclassified patients P1 (FKRP), P3 (VCP),
P7 (SCN4A) and P13 (LMNA), suggesting that these cases ex-
hibited atypical representations. In the case of patient P3, both
the model and the experts consistently misdiagnosed the condi-
tion as GNE rather than VCP. An analysis of the SHAP values
for patient P3's prediction revealed that the preservation of the

Confusion matrix of the Al vs Experts experiment
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anterior thigh compartment and the involvement of the poste-
rior compartment were the primary contributing factors to this
prediction.

3.6 | Development of a Web Containing
the Algorithm Described

The model has been deployed on the Myo-Guide web platform,
accessible at www.myoguide.org. The platform offers an inter-
active user interface to use the diagnosis model (Figure S24). No
identifiable information is required, and no data are stored after
submitting a request. The web deployment of the model allows
its integration with clinical and genetic workflows, providing
clinicians and experts with additional information helpful in the
diagnosis process of patients.

4 | Discussion

In this paper, we introduced a novel pipeline for processing
and harmonizing multi-study muscle fat replacement data ob-
tained using MRI for diagnostic purposes. This advancement
allowed us to gather the largest dataset published to date of
muscle MRI data in NMD patients, enabling a new automated
approach to the diagnosis of these disorders. With that objec-
tive in mind, we proposed a scalable methodology using AI and
proved its performance in diagnosing patients encompassing
20 different diseases. We also adapted well-established AI ex-
plainability techniques to explore distinctive patterns of muscle
involvement, finding clues for diagnosis undescribed in previ-
ous research. Finally, we aimed to translate all these efforts into
an immediate improvement in clinical practice by offering the
model as a free web application.

We designed the complete pipeline to allow for different mus-
cle fat scoring systems, with special care to quantitative mea-
sures such as the fat fraction. Radiology trends point towards
an increase in the adoption of quantitative techniques, hence
the importance of future-proofing current technologies [26, 27].
Recent advancements in automatic muscle segmentation [28],
together with the approaches presented here, are steps towards
a streamlined approach to NMD diagnosis using MRI.

This processing pipeline also helps correct the potential effect of
inter-operator variability bias in qualitative scores. Scorers who
tend to exaggerate fat involvement will (to some extent) score all
muscles higher and vice versa. By using the mean of each pa-
tient to scale the scores, we convert the scores from an absolute
measure of fat to a relative one, attenuating differences between
scoring styles.

Still, there is a need for strategies enabling the reusability of ret-
rospective data, allowing to automatically measure fat in T1w
MRI scans and other imaging modalities. Different studies have
proven the correlation between fat fraction and fat measure-
ments obtained with other MRI techniques [29, 30], suggesting
that such a system is possible.

In the same line as our work, Wei et al. [11] presented an
AT model for differentiating necrotizing myopathy from

dysferlinopathy using a mix of radiomic features and Mercuri
fat scores, obtaining AUCs over 0.9. Nagawa et al. [12] presented
several radiomics-based models to classify patients diagnosed
with dermatomyositis, amyopathic dermatomyositis and poly-
myositis, obtaining accuracies of approximately 61%. Monforte
et al. [13] also presented a random forest model for differenti-
ating between FSHD and non-FSHD patients using Mercuri
fat scores from upper and lower body muscles, obtaining an
accuracy of 89%. Although current studies demonstrate the in-
creasing role of AI in diagnosing NMD patients, these are still
limited to a few diseases, and there is a lack of a standardized
approach. We consider the pipeline presented in this paper as
a breakthrough in this context, establishing best practices for
muscle fat replacement data collection and standardization, de-
sign of automated diagnosis models and critical evaluation to
avoid over-optimistic performance metrics.

The applied AI explainability techniques provide an opportunity
to reanalyse all the muscle fat data published during the last de-
cades with a depth that was not possible before. Using our ap-
proach, muscle involvement can be characterized in the context
of a large pool of diseases. Therefore, differential disease charac-
teristics can be identified to aid in the diagnosis of these disorders.
In the past, MRI was considered inaccurate in diagnosing some
diseases, such as anoctaminopathy [31], due to the overlapping of
muscle involvement patterns with other disorders [14]. Although
our model has difficulties in diagnosing anoctaminopathy, we
managed to predict more than half the anoctaminopathy patients
correctly. Future studies should focus on applying the proposed
explainability techniques to each one of the included diseases to
expand our understanding of their clinical representations.

During the lifetime of this project, we observed the diagnosis
model decay in performance as the number of diseases included in-
creased. We reached a point where the addition of new samples did
not necessarily translate into an improvement. Moreover, further
increasing the number of samples for the majority classes might
lower the performance of the model, as we demonstrated. The
model could be improved by integrating more predictive features,
such as upper-body muscle fat data [32], muscle inflammation data
obtained with fluid-sensitive techniques such as the fat-suppressed
T2w or STIR MRI sequences [33] and clinical features.

The inclusion of disorders with minimal or no fatty replacement
(CLCN1, HypoPP and SCN4A) accentuated the drop in perfor-
mance when compared with our 2020 study, especially when
considering balanced metrics. It could be argued that a patient
diagnosed with one of these disorders is, from the model's per-
spective, no different than a patient with a pre-symptomatic or
early stage of a disorder where fatty replacement is common.
Additionally, the lack of muscle involvement in patients who
have muscle weakness in clinical examination has been defined
as characteristic of some disorders, such as myasthenic syn-
dromes or channelopathies [34, 35]. For these reasons, and to
avoid cherry-picking, we decided to keep these disorders in the
dataset. One potential solution for a future version of the model
could be to group all the diseases that have a normal or near-
normal MRI under the same category.

Other limitations of our approach are intrinsic to the features
used for training the model. Muscle fat is not homogeneously
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distributed across the muscle volume, but there are different
‘textures’ of fat and patterns that can be useful for diagnosis [36]:
popcorn fat (or fat pockets) in VCP [15], fat ring in Bethlem dis-
ease [37] and proximo-distal distribution in sarcoglycanopathies
[7], to enumerate a few. Mercuri-based scales do not capture this
information, as they approximate the whole muscle fat content
as a single score. Dixon sequences could alleviate this by quan-
tifying the complete muscle volume, although complex texture
information could be captured using radiomics, an image anal-
ysis modality.

Also related with the latter limitation, this study challenges
some accepted ideas on the patterns of muscle involvement,
such as confusing SarcoG with FKRP more than with GAA.
The presented model uses exclusively the overall amount of fatty
replacement, age and sex; and it has no knowledge of fat dis-
tribution/texture, muscle hypertrophy/atrophy and other char-
acteristics easily picked up by the expert's eye. The model has
also no knowledge of the patient's family history, ethnic or geo-
graphic origin of the patient and other key clinical information.
This leads to interesting results that challenge the descriptive
papers published so far. By blinding the model to all other pre-
dictive features usually used in diagnostics, we can isolate the
muscle involvement patterns from other predictive features ob-
served both in and out of the MRI, allowing for a comprehensive
understanding of these patterns.

Increasing the number of features would introduce another
problem, as the complexity of collecting, curating and harmo-
nizing the data would significantly increase [38]. Additionally,
blocks of missing values would arise in the data as not all im-
aging modalities or body regions would be available for all
patients. This has been solved here to an extent, but more
specialized techniques might be necessary if the problem
increases. This is an active topic of research, and multiple
methods have been proposed over the last years to solve this
problem [39, 40].

The detection of patients with a disorder outside of the presented
pool of diseases (outlier detection) is not addressed in this study.
Although classification and outlier detection are distinct tasks,
the use of model confidence could provide insights into potential
outliers. However, care must be taken to distinguish between
patients with rare disease sub-patterns and those with condi-
tions not represented in the model. This remains an important
area for future research, particularly in the context of neuro-
muscular diseases, where rare cases are common and clinically
significant.

The final AI versus experts' experiment revealed not only the
efficacy of the model in suggesting potential diagnoses. The
concordance between the model and expert assessments in
misclassified patients suggests that the AI system can identify
differential patterns even in atypical cases. This information is
key to ensure that the model predictions are kept grounded to
clinically relevant features.

The proposed methods represent a leap forward in the way we
use MRI for studying NMDs. By designing a flexible data stan-
dard and harmonization methods, we managed to conglomerate
a large repository of rare disease data. This is an essential step

in this new age of data-driven approaches, which paves the way
for a new wave of Al-based strategies to study muscle MRI in
NMDs. The presented online tool is especially useful for clini-
cians and geneticist, enhancing the decision-making during the
diagnosis pipeline with the outcomes of the Al-based analysis.
This tool can help with patients carrying a variant of unknown
significance in a specific gene or patients who have multiple
pathogenic variants in several genes. In those cases, having an
MRI compatible with a specific pattern can help in the diagno-
sis process. Future work will expand on the methods proposed
here, improving the diagnostic pipeline and deepening our un-
derstanding of these conditions.
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