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Introduction: Machine learning methods are capable of learning from data and generate a model 

that, in turn, can be used to classify new data. Their use in precision medicine is being strongly 

advocated and presents promising results. However, disease prediction based on genomic data is still 

a challenge due to the size and complexity of these kind of data, and to the proportion of the disease 

that is explained by genetic factors. Here we apply machine learning methods to model case-control 

data composed of Single Nucleotide Polymorphisms (SNPs) of control subjects and epilepsy patients. 

Our main goals are first to test the prediction power of genomic data in the case of epilepsy and 

second, to look for possible candidate SNPs associated with the outcome for further investigation.  

 

Materials and Methods: We used a dataset with ~100,000 SNPs from 402 samples (203 epilepsy 

patients and 199 controls). This data was used to train a number of supervised machine learning 

models with different configurations. Since literature shows that there is no single best machine 

learning method for every application and data type, we tested different methods (both linear and 

non-linear) to find the best fit to our genomic dataset. These include Support Vector Machines 

(SVMs), Penalized logistic regression, Random Forests (RF), lasso and Elastic Net. They were 

selected based on their capacity to handle high-dimensional data. Best practices, such as partitioning 

the dataset in train and test sets, 5-fold cross-validation and parameter tuning with 100 iterations, 

were applied to avoid overfitting the models and reduce bias and variance. We also applied feature 

selection strategy based on cui-squared analysis to reduce data dimensionality. Relevant biological 

information was included in the models from a brain-specific genome-wide functional interaction 

network (Greene et al., 2015).  

 

Results: In preliminary results three methods obtained an area under the ROC curve (AUC) of 0.66 

on the test set: RF, linear SVM and Penalized logistic regression. These results were obtained with a 

reduced set of 27 SNPs selected by a feature selection strategy. From this, candidate variants can be 

identified through the feature importance list of the best performing methods. These are baseline 

results without the incorporation of brain-specific gene interactions.   

 

Discussion: We believe our result is promising, given the reduced number of learning samples used, 

and can be improved once a larger dataset is available. Also, an increase in performance is expected 

once relevant biological information contained in the brain-specific gene interaction network is 

incorporated, since it can help identifying the most relevant variants to be considered as predictors. 

 

Conclusion: The present work advances in the emerging area of machine learning methods for 

precision medicine. We investigate the role of genetic data alone and accompanied by functional 

information in the performance of disease prediction models in the context of case-control studies.  
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