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INTRODUCTION

Facioscapulohumeral muscular dystrophy (FSHD) 
(MIM#158900) is one of the most prevalent forms of mus-
cular dystrophy, characterized by progressive skeletal muscle 
weakness, primarily affecting the face, shoulders, and upper 
arms. Its genetic basis is complex and typically involves con-
tractions of the D4Z4 repeat region on the 4q subtelomere, 
even though it might be still incompletely described [1].

As a hereditary disease, an accurate risk assessment is cru-
cial for improving genetic counselling, especially in the context 
of pregnancy planning. However, due to the significant varia-
bility in clinical manifestation and progression and the age-de-
pendent penetrance of the disease, predicting the probability 
and severity of FSHD in newborns poses several challenges 
[2], and no tools are available for clinicians for this purpose. 

OBJECTIVES

The aim of this study was to develop a machine learning 
model aimed at enhancing FSHD disease risk prediction for 
child of D4Z4 alleles of reduced size (DRA) carriers. In par-
ticular, our study focused on designing a predictive tool which 
can estimate the probability of FSHD and the age of disease 
onset in newborns, given the information of parents and other 
family members.

METHODS

This predictive model was estimated on the basis of ge-
netic, clinical and socio-demographic data collected in the 

Italian National Registry for FSHD [3]. Clinical data includes 
presence and severity of FSHD symptoms, measured using the 
FSHD Score [4], and a standardized description of clinical 
phenotypes, obtained through the Comprehensive Clinical 
Evaluation Form (CCEF) [5]. The availability of detailed family 
trees allowed the model to include the information carried by 
each family member, weighted by the degree of kinship with 
respect to subject involved in the genetic counselling.

To be included in this study, each family must be com-
posed by a child, a DRA carrier parent, and may include one 
or more relatives. Families which did not fit in this structure 
were excluded. Since the expected FSHD onset age lies be-
tween 15 and 30 years of age, subject with age at visit less 
than 30 were also exclude, to limit misclassification.

For the development of the predictive model, we relied 
on a stacking approach: 4 base learners (a generalized re-
gression model (GLM), a random forest (RF), a support vector 
machine (DVM) and a Bayesian network (BN)) provided a 
first-level individual prediction. Subsequently, these first-level 
predictions were combined by a random forest meta-learn-
er to obtain the final predictions. Figure 1 outlines the model 
structure.

Leave-One-Out cross-validation was used to train each 
base learner (except BN) and the meta-learner. The parame-
ters and hyperparameters of GLM, RF and SVM were estimat-
ed via grid search within each cross-validation loop, using the 
classification error as performance measure.

The BN learning procedure articulated in two steps: in first 
place, the structure of the network is established by defining 
the causal connections among all features, relying on expert 
knowledge. Then, the probability parameters that describe 
how the variables influence each other are estimated with a 
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Bayesian approach. Non informative prior distributions were 
assumed at each non-deterministic node of the network. Since 
all variables have been previously categorized, each node 
likelihood was a Multinomial distribution, and a Dirichlet prior 
was used [6]. The network was embedded also with a set of 
deterministic nodes, which were introduced to process fami-
ly trees with different structure and depth, and to reduce the 
model complexity.

The prediction accuracy of the model for each outcome 
(occurrence of FSHD and age at onset of first symptoms) was 
estimated using Leave-One-Out cross validation.

Based on the probabilities estimated from the model, the 
child of each family was predicted as with FSHD phenotype 
or as asymptomatic/healthy and assigned to an estimated 
age at onset class (No Onset, ≤22 years, <22 years). Youden 
Index was used to estimate the optimal probability cutoffs.

RESULTS

A total of 293 families were included in the study. Of 
these, 121 families contributed to the estimation of risk of dis-
ease base learners, whereas 104 families contributed to the 
age at onset base learners.

For the evaluation of risk of disease, the model showed an 
area under the ROC curve (AUC) equal to 0.89. With the se-
lected probability cutoff, the sensibility was equal to 0.90 and 
the specificity 0.70. The accuracy was 0.75, with 91 out of 
121 children correctly assigned to their actual clinical status.

For the estimation of age at disease onset, the model 
reached a multi-class AUC equal to 0.88, with an accuracy 
of 0.72 (75 out of 104 children’s age at onset correctly pre-
dicted).

Overall, 70 children (67.3%) were correctly assigned to 
both their actual clinical status and their onset age class.

CONCLUSION

The developed predictive model was able to provide ac-
curate estimates of disease probability in children of patients 
characterised by FSHD symptomatology, even though it was 
not able to discriminate between finer clinical categories. 
These findings further support the hypothesis that additional 
elements, such as other genetic variants and environmental 
factors, must be consider for predictive purposes.

Nevertheless, this model can lead to significant advance-
ments in FSHD genetic counselling and in implementing per-
sonalized medicine practices. Notably, our model is based 
on a very limited number of variables. So, it can be easily 
applied to provide tailored advice for families at risk of FSHD 
in real life scenarios.
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Figure 1. Predictive model structure. Black boxes represent machine learning models, with inputs and 
outputs denoted by incoming and outgoing arrows, respectively. Abbreviations: P(Cat): Probability of 

occurrence of disease; P(Ons): Probability of age at onset; GLM: Generalized linear regression model; 
RF: Random Forest; SVM: Support vector machine; BN: Bayesian network




