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Appendix: Multimodal Omics Data Integration
Using Max Relevance-Max Significance Criterion

Pradipta Maji and Ankita Mandal

Abstract—This paper presents a novel supervised regularized
canonical correlation analysis, termed as CuRSaR, to extract rel-
evant and significant features from multimodal high dimensional
omics data sets [1]. The proposed method extracts a new set of
features from two multidimensional data sets by maximizing the
relevance of extracted features with respect to sample categories
and significance among them. It integrates judiciously the merits
of regularized canonical correlation analysis (RCCA) and rough
hypercuboid approach. An analytical formulation, based on
spectral decomposition, is introduced to establish the relation
between canonical correlation analysis (CCA) and RCCA. It
makes the computational complexity of the proposed algorithm
significantly lower than existing methods. The concept of hy-
percuboid equivalence partition matrix of rough hypercuboid is
used to compute both relevance and significance of a feature.
The equivalence partition matrix also offers an efficient way
to find optimum regularization parameters employed in CCA.
The superiority of the proposed algorithm over other existing
methods, in terms of computational complexity and classification
accuracy, is established extensively on real life data.

Index Terms—Multimodal data analysis, canonical correlation
analysis, feature extraction, rough sets, classification.

e Computation of B.632+ Accuracy

The B.632+ accuracy is defined as
B.632+ accuracy = (1 — B.632+ error); ()
where B.632+ error rate is defined as follows [2]:
B.632+ error = (1 — ©)AE + @B1 )

where AFE denotes the proportion of the original training
samples misclassified, termed as apparent error rate, and B1
is the bootstrap error, defined as follows:
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where n is the number of original samples and M is the
number of bootstrap samples. If the sample x; is not contained
in the kth bootstrap sample, then I;; = 1, otherwise 0.
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Similarly, if x; is misclassified, ()j; = 1, otherwise 0. The
weight parameter @ is given by
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where c is the number of classes, p; is the proportion of
the samples from the ith class, and ¢; is the proportion of
them assigned to the ith class. Also, 7 is termed as the no-
information error rate that would apply if the distribution of
the class-membership label of the sample x; did not depend
on its feature vector. In the current study, the SVM is used
to compute different types of error rates. In order to calculate
the B.632+ accuracy or error rate, apparent error (AE) is
first calculated. This error is obtained when the same original
data set is used to train and test a classifier. After that, the B1
error is computed from 100 bootstrap samples. Finally, the no-
information error () is calculated by randomly perturbing the
class label of a given data set. The permutation of the class
label is done 50 times. Each mutated data is used for feature
extraction and the selected feature set is used to build the
SVM. Then, the trained SVM is used to classify the original
data set. The error generated by this procedure is known as
~ rate. Finally, the B.632+ error and accuracy are computed
based on AF, B1 error, and ~ error using (2) and (1).
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e Computation of Accuracy and F1 Score
The classification accuracy is defined as [3]
TP + TN . )
TP + FP + TN + FN’
where TP, FP, TN, and FN represent the number of true pos-

itive, false positive, true negative, and false negative samples,
respectively. Similarly, the F1 score is defined as follows:

accuracy =

2 x precision x recall

F1 score = — (6)
precision + recall
where precision and recall (sensitivity) are given by
.. TP TP
precision = m; and recall = TP + EN' @)
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