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S1 Important Derivations

In this section, the derivations of some of the important equations, reported in the main manuscript, are presented.

S1.1 Derivation of Equation (12)
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S1.2 Derivation of Equation (13)
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S1.3 Derivation of Equations (14) and (15)

The variational lower bound of the log-likelihood function, corresponding to the proposed discriminative deep canonical
correlation analysis (D2CCA) architecture is given by
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So, in order to obtain equation (14), the following steps are required to be followed.
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where o(z) = is the sigmoid function.
1+e®



Similarly, in order to obtain equation (15), the following steps are required to be followed.
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S1.4 Derivation of Equation (18)
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S1.5 Derivation of Equation (19)
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S1.6 Derivation of Equation (20)
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S1.7 Derivation of Equation (21)
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S2 Learning Algorithm of Proposed D2CCA Model

The learning algorithm of the proposed D2CCA model is outlined in Algorithm 1.

Algorithm 1: Learning of D2CCA Architecture.

Input: Set of N training data vectors {v®}_, for M modalities along with the corresponding set of class labels {y}2_;,
number of persistent chains (S), number of epochs (7), learning rate (n), weight decay (p), momentum (¢), and number of
Gibbs steps ().
Output: Final parameter set 8" of the architecture.

1: Perform greedy layer-wise pretraining to initialize the set of model parameters, 6°.

1,0 ~Lom® ~(L 0 L0
2: Randomly initialize S Markov chains {‘77”0,570, h'" ;o h o ,h( ot ,o,hT
3: for each epoch t = 0 to 7 do
4: // Variational inference
5 for each training sample n = 1 to N do
6 (i) Run mean field updates using (14) - (16) until convergence.
7: (ii) Save the obtained mean field parameter (u) for the corresponding training sample, u, = p.
8 end for
9: // Stochastic approximation
10: for each persistent chain s = 1 to S do
~ t+1 ~Lomttl ~(L t41 Lt

11: Run the chain for a-steps and sample the state {f/mtﬂ, ~t+1,h1m S ,h( ot ,oo,h } from

~1m? ~Lom' ~(Lo+1)* ~L*

gt R R R R using (19) - (25).

12: end for
13: Update the parameters of the model from 6° to ot+Y using (27).
14: end for

S3 Performance Analysis for Pair of Modalities

In the existing literature, several approaches are found which compute linear canonical correlation analysis (CCA) on non-
linear transformations of the given input pair of views. In this section, the performance of these existing methods is compared
with that of the proposed D2CCA architecture on the five real-life cancer data sets. Four representative pairs of modalities
are chosen for each of the data sets and given as input to both state-of-the-art methods as well as the proposed architecture.
The state-of-the-art approaches include randomized canonical correlation analysis (rCCA) [2], deep canonical correlation
analysis (DCCA) [1], and deep canonically correlated autoencoders (DCCAE) [3]. While rCCA is a non-deep approach, both
DCCA and DCCAE are based on deep architectures. In case of rCCA and DCCA, 50 features are extracted at final layer
and 10 features are extracted at output layer for DCCAE, as suggested in the respective papers. The obtained features are
then applied to the input of the SVM for classification purpose. However, in case of the proposed architecture, 10 features
are considered for the joint representation, and the subtypes of the carcinoma samples are predicted from the architecture
itself. So, the cancer subtypes are identified with the help of the given input pair of views only and the corresponding results
are reported in Table S1 for both training-testing and 10-fold CV.

From the results reported in Table S1, it can be observed that the existing methods can efficiently identify subtypes of
carcinoma samples for certain pairs of views, but fail to provide similar results for some other pairs. For example, the existing
methods can identify over 90% of the samples correctly for input views mDNA and microRNA on KIDNEY data set, but
they have assigned all the kidney carcinoma samples to one particular subtype for the input pair Protein and CNS. Hence,
the performance of these methods depends on the given input pair of modalities. However, the proposed method is not only
able to achieve similar results for the given input pairs of views, but also attain highest classification accuracy on all the five
data sets for both training-testing and 10-fold CV. Statistical significance analysis demonstrates that out of total 120 cases,
the proposed approach achieves significantly better p-values for 110 cases, and better but not significant p-values for the rest
10 cases.

S4 Statistical Significance Analysis of MDDBM architecture

In the current study, multimodal discriminative deep Boltzmann machine (MDDBM) is proposed by incorporating supervised
information of sample categories into exiting multimodal deep Boltzmann machine (MDBM). In this section, the effectiveness
of the proposed MDDBM architecture is studied with reference to MDBM approach on five real-life cancer data sets.



Table S1: Comparative Performance Analysis for Pair of Modalities on Omics Data Sets

Datal

Different

Sets Motrics rCCA | DCCA |DCCAED2CCA| rCCA | DCCA |DCCAED2CCA| rCCA | DCCA |DCCAED2CCA| rCCA | DCCA |DCCAED2CCA
mDNA and microRNA Protein and microRNA Protein and RNA microRNA and RNA
Train-Test 44.23 46.15 51.92 | 65.38 | 51.92 44.23 44.23 | 57.69 | 51.92 44.23 44.23 | 63.46 | 42.31 42.31 46.15 | 65.38
= Mean 50.00 | 49.17 | 53.33 | 69.17 | 53.33 | 49.17 | 50.83 | 66.67 | 39.17 | 44.17 | 44.17 | 70.00 | 46.67 | 46.67 | 45.83 | 59.17
8 O | Median | 50.00 | 50.00 | 50.00 |66.67 | 50.00 | 50.00 | 58.33 | 66.67 | 41.67 | 45.83 | 41.67 | 70.83 | 50.00 | 50.00 | 50.00 |58.33
% % StdDev | 3.93 7.30 8.96 | 13.64 | 9.78 8.29 15.44 | 7.86 | 5.62 9.66 6.86 9.78 9.78 9.78 10.58 | 2.64
'“‘OT Paired-¢:p |1.04E-032.96E-032.82E-03 -  [2.28E-034.57E-046.88E-03 -  [1.31E-059.19E-061.15E-04 -  [1.50E-03{1.50E-031.56E-03 -
— |Wilcoxon:p2.46E-032.45E-038.23E-03 - 1.08E-022.52E-038.13E-03 - 2.45E-032.53E-032.46 E-03| - 2.32E-032.32E-031.03E-02 -
mDNA and microRNA Protein and microRNA Protein and RNA microRNA and RNA
Train-Test 73.85 | 73.85 | 73.85 |77.69| 73.85 | 73.85 | 73.85 | 78.46 | 73.85 | 73.85 | 73.85 | 75.38 | 73.85 | 73.85 | 73.85 | 80.00
. Mean 74.07 | 74.07 | 74.07 | 82.22| 74.07 | 74.07 | 74.07 | 81.85 | 74.07 | 74.07 | 74.07 |77.41 | 74.07 | 74.07 | 74.07 |81.11
8 O | Median | 74.07 | 74.07 | 74.07 | 81.48 | 74.07 | 74.07 | 74.07 | 81.48 | 74.07 | 74.07 | 74.07 |77.78 | 74.07 | 74.07 | 74.07 |81.48
O % StdDev 0.00 0.00 0.00 5.47 | 0.00 0.00 0.00 | 3.68 | 0.00 0.00 0.00 2.10 | 0.00 0.00 0.00 5.64
“‘CT) Paired-¢:p [5.49E-045.49E-045.49E-04 -  U.54E-054.54E-054.54E-05 -  3.63E-043.63E-043.63E-04 - [1.70E-03(1.70E-031.70E-03 -
— Wilcoxon:p3.26E-033.26E-033.26E-03] -  [3.10E-033.10E-033.10E-03 - WK.73E-034.73E-034.73E-03 -  6.06E-036.06E-036.06E-03 -
mDNA and microRNA Protein and CNS microRNA and RNA RNA and CNS
Train-Test 96.71 | 96.05 | 94.74 | 98.03 | 69.08 | 69.08 | 69.08 | 73.03 | 98.03 | 94.08 | 94.08 | 98.03 | 69.08 | 88.82 | 88.82 | 97.37
= Mean 97.42 | 95.81 | 97.10 |99.03 | 67.74 | 67.74 | 67.74 |81.94 | 97.42 | 95.48 | 90.00 |98.71| 67.74 | 69.35 | 67.74 | 81.61
% O | Median | 96.77 | 96.77 | 96.77 |100.00| 67.74 | 67.74 | 67.74 | 80.65 | 96.77 | 96.77 | 91.94 |100.00| 67.74 | 67.74 | 67.74 | 77.42
a % StdDev 2.54 2.66 2.82 1.56 | 0.00 0.00 0.00 | 4.61 2.54 3.47 6.17 1.67 | 0.00 4.09 0.00 | 12.64
i E Paired-¢:p [7.48E-034.23E-034.06E-02 -  [2.24E-062.24E-062.24E-06 - [5.19E-021.15E-021.45E-03 - 3.52E-039.49E-033.52E-03 -
— Wilcoxon:p2.17E-029.83E-038.74E-021 - [2.38E-032.38E-032.38E-03 -  [1.70E-019.78E-032.47E-03 - [2.47E-038.23E-032.47E-03 -
mDNA and microRNA Protein and CNS microRNA and RNA RNA and CNS
Train-Test 53.23 | 62.90 | 64.52 | 74.73 | 48.39 | 48.39 | 48.39 | 67.74 | 48.39 | 48.39 | 48.39 |65.59 | 48.39 | 45.16 | 48.39 | 65.05
= Mean 47.37 | 66.32 | 75.79 |T7.89 | 47.37 | 47.37 | 49.74 |72.11 | 47.37 | 47.37 | 47.37 | 50.26 | 47.37 | 47.37 | 47.37 | 48.42
O | O | Median | 47.37 | 65.79 | 77.63 | 77.63 | 47.37 | 47.37 | 51.32 | 72.37 | 47.37 | 47.37 | 47.37 | 50.00 | 47.37 | 47.37 | 47.37 | 47.37
8 Eo StdDev 0.00 8.30 12.33 | 4.51 0.00 2.15 4.20 3.96 0.00 0.00 0.00 | 3.81 0.00 0.00 0.00 1.36
'“‘OT Paired-¢:p 2.48E-092.30E-033.02E-01] -  5.09E-097.68E-092.97E-07 -  [1.99E-021.99E-021.99E-02] - [1.84E-021.84E-02]1.84E-02 -
— Wilcoxon:p2.36E-031.41E-022.88E-01] - [2.45E-032.50E-032.52E-03 -  [7.88E-037.88E-037.88E-03 - [1.93E-031.93E-031.93E-03 -
mDNA and microRNA Protein and CNS microRNA and RNA RNA and CNS
Train-Test 93.41 | 94.14 | 94.87 | 94.87 | 57.14 | 57.14 | 57.14 | 60.07 | 94.14 | 87.55 | 75.09 | 94.87 | 57.14 | 94.14 | 57.14 | 95.24
= Mean 94.82 | 93.75 | 94.11 |96.43 | 57.14 | 57.14 | 56.96 | 66.96 | 95.18 | 89.64 | 70.18 | 96.07 | 57.14 | 68.39 | 69.46 |82.14
LZB O | Median | 96.43 | 94.64 | 95.54 |96.43 | 57.14 | 57.14 | 57.14 | 66.96 | 95.54 | 89.29 | 60.71 |97.32| 57.14 | 57.14 | 60.71 |93.75
3 3; StdDev 3.81 4.23 4.13 2.79 | 0.00 0.00 0.56 | 4.39 | 2.53 5.82 16.30 | 3.35 0.00 18.35 | 14.57 | 19.32
L‘OT Paired-¢:p 9.36E-038.71E-04[3.52E-02, - 2.94E-052.94E-052.92E-05| - 1.06E-01j1.26E-043.03E-04) - 1.36E-036.12E-027.25E-02 -
— Wilcoxon:p2.50E-023.38E-031.06E-01] -  [2.49E-032.49E-032.50E-03 -  [1.93E-013.79E-033.44E-03 - [2.45E-032.96E-024.62E-02 -

Table S2: Effectiveness of MDDBM Architecture on Omics Data Sets

MDBM
Data Sets Paired-t:p | Wilcoxon:p
CESC 3.87E-02 2.34E-02
CRC 7.35E-02 1.20E-01
KIDNEY | 1.19E-04 3.68E-03
LGG 2.38E-06 2.45E-03
LUNG 1.77E-03 3.46E-03

Two statistical significance tests are performed and the corresponding p-values, computed using paired-¢ (one-tailed)
and Wilcoxon signed-rank (one-tailed) tests, with 95% confidence level, are presented in Table S2. Statistical significance
analysis demonstrates that out of total 10 cases, the proposed MDDBM architecture achieves significantly better p-values
for 8 cases and better but not significant p-values in remaining 2 cases. Thus, from the results reported in Table S2, it can
be observed that incorporating supervised information in the hidden representations improves discriminative ability of the
MDDBM architecture as compared to the unsupervised counterpart.
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