
Data analysis 

 

We performed three analyses: non-supervised clustering, supervised feature selection, and 

supervised regression. Processing was performed using Matlab R2015b (Mathworks®). The data 

were subdivided into two subsets: a training/validation set, and an independent test set 

(containing 20% of the data); these data sets were constituted by partitioning subjects randomly 

with 10 thousand partitions. The homogeneity of the validation and test sets were optimized by 

minimizing the two-sample Kolmogorov-Smirnov statistic between the features of each class in 

all partitions. The optimal partition was thereby selected. 

Groups of subjects were compared in two-class comparisons: each subgroup belonging to classes 

𝑥 and 𝑦 (where 𝑥 and 𝑦 represents SZ, FS and C) is represented as an output vector 𝐎𝑥𝑦 of 

numbers (zeros and ones) indicating their group. Each of the  features (extracted from 

saccadic parameters, eye pursuit measurements or NSS total score) and their extended second 

order combinations are represented as input vectors 𝐕𝑖
𝑥𝑦

  of dimension 𝑆𝑥𝑦, where 𝑆𝑥𝑦 is the 

number of subjects belonging to classes 𝑥 and 𝑦, and each element 𝑣𝑖𝑠
𝑥𝑦

 is the measure of the 

feature (or cross-term) for subject s. Supervised feature selection was used to identify the best 

sets of input vectors for each output vector. We analysed iteratively the best set of input vectors 

𝑽𝑖 to model one expected output vector 𝐎𝑥𝑦. This was done using the orthogonal forward 

regression (OFR) algorithm (Chen et al., 1989). The OFR feature selection approach follows 

three steps: 



• All input vectors are ranked according to their distance to the output. The distance is 

computed as the cosine of the angle  between the vector and the output: 

. 

• The descriptor with the lowest absolute angle (maximum cosine) is ranked first. All 

remaining descriptors and the output are projected into the null-space of the best 

descriptor. 

• The selected descriptor is stored and removed from the set, and the algorithm iterates on 

the remaining orthogonalized features. 

In order to control for the relevance of the selected features, we used a probe variables approach 

(Stoppiglia et al., 2003). We inserted N randomly drawn vectors in the feature set. The rank 

distribution of these probes indicated the risk for a descriptor to contain information that could 

be explained by chance. We fixed a threshold of 10% of probes in our investigation, and selected 

only descriptors above that threshold. This method systematically produced more than three 

relevant input vectors 𝐑𝑖
𝑥𝑦

, for all 2-class output vectors . 

Supervised classification was performed using a support vector machine (SVM4). SVM are 

universal approximators: when good care is taken to control their complexity, they can provide 

better fitting than classical polynomial regressions (Hammer et al., 2003). SVM constructs a 

hyperplane in a high-dimensional space, which can be used for classification.  The original 

finite-dimensional space is mapped into a higher-dimensional space, with non-linearities 

obtained by redefining dot products in terms of a nonlinear kernel function. Subsets of  

of the best features selected using OFR were used to compute and estimate 𝐎𝑥𝑦
∗ the output vector 



𝐎𝑥𝑦. The SVM was optimized using sequential minimal optimization. Performances were 

estimated using a leave-one-out approach: 

• One sample was taken out of the database.  

• The network was then trained on the remaining samples, and afterwards tested on the 

excluded sample.  

The same estimation was performed iteratively for all samples of the database. The overall 

classification of the excluded samples is the leave-one-out error, which is a good estimate of the 

generalization error. We tuned the SVM hyperparameters (Kernel choice, Kernel parameters and 

soft margins) according to the leave-one-out error (minimizing the classification error between 

𝐎𝑥𝑦
∗  and 𝐎𝑥𝑦). 

Once optimal hyperparameters were estimated, the model was retrained on the whole 

training/validation set. It was then applied to the test set without any retraining in order to assess 

the generalization capability of the model and estimate the test error on independent new data. 

 


