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Abstract

It is now possible to measure a range of genomic data types or data layers in a single tissue sample, e.g. gene expression, copy number variations, miRNA
or mutation markers, and clustering of patient samples benefits from an integrative approach using all available data types. Earlier methods, however,
are restricted to only allowing a joint cluster structures, equal in all data layers. We present a clustering extension of the Joint and Individual Variance
Explained (JIVE) algorithm enabling construction of both joint and data type-specific clusters simultaneously (Hellton and Thoresen, 2016).

Let X1,...,Xn be M genomic data types measured on the same j = 1,...,n
patients, concatenated into a single matrix

X}M

of dimension (p1 +---+par) X n. Joint and Individual Clustering (JIC) assumes

latent common and data type-specific cluster indicators, Z and Z1,..., Zum,
X1 =WiZ+ViZ1 + e,
Xvu=WnuZ+VuZu +eu,
with €, ~ N(0,02,1) form = 1,..., M and joint and individual loading matrices

W= [Wi,...,Wu]" and V4,..., Vi

For given numbers of clusters K and K1, ..., K, the clusters are estimated by
a two-stage procedure based on the singular value decomposition (SVD):

1. Estimate the joint and individual matrices, WZ and V,,Z,, using the
JIVE algorithm (Lock et al. 2013). Initialize X?°'™T = X and repeat the
following steps until convergence,

e set WZ to be the SVD of X7O™T with rank r = K — 1,

e form =1,... M, set Vi Z to be the SVD of X\NPVIP (1 _ 77T)
with rank 7, = K, — 1, where X:2NPIVID — x° W, 7,

e concatenate the matrices X "O™T = [X; - Vi1 Z1,..., X — Vi Zu] "

After convergence, Z is given by the r first right singular vectors of X 7OINT
and Z,, is given by the r,, first right singular vectors of XINPIVID for
m=1,...,M.

2. Cluster the rows of Z7 into K groups and the rows of Z into K,, groups
for m =1,..., M using k-means clustering.

Selecting the numbers of clus

The numbers of clusters, K and K1, ..., K, are chosen by assessing the number
of non-normally distributed components in the concatenated and original data
types, separately, under the assumption of normally distributed errors:

1. Assess the number of relevant components F in X: check the normality
of the ith component score vector of X for increasing 4, until the last
non-normally distributed component is found and set E to the component
number.

2. Assess the number of relevant subspaces E,, in X,,: For each m =
1,..., M, check the normality of the ith component score vector of X, for
increasing ¢ up to E, until the last non-normally distributed component is
found, and set E,, to the component number.

3. Based on E, E1, ..., Ey, calculate the ranks 7,71, ..., 7, by

T_E1+-"+EM*E

=1 m=1,..., M.

Tm = Em —1,

such that the numbers of clusters are K = r + 1 and K,,, = 7 + 1.

With the connection between the number of clusters and the rank of the latent
structures (Ding and He, 2004), we check whether a new cluster is separated out
in each added component until the first component with only a single cluster
is found. When assuming normally distributed noise, it is possible to identify
overlapping clusters by evaluating density and normal quantile-quantile plots.
If the distribution of component scores deviates from normality, the component
does not represent noise and clusters should be present.

Conclusion

Example: gene expression a

The method is illustrated using data from The Cancer Genome Atlas (TCGA);
gene expression (p1 = 1000) and miRNA (p2 = 193) measured in 500 breast can-
cer tissue samples. The density and qq-plots for the concatenated data (shown
below) suggest that the three first components are not normally distributed,
while the original expression and miRNA data suggest that the three and two
first components deviate from normality, respectively.
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This results in three joint clusters, K = 3, two expression-specific clusters, K1 =
2, and no miRNA-specific clusters, Ko = 1.

Gene expression
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Coloring the observations according to the three joint clusters (upper panels)
shows that the joint clusters are reflected in both the original data sources, while
coloring the observations according to the two expression-specific clusters (lower
panels) demonstrates how they only reflect the structure of expression data and
not the structure of miRNA. Differences in survival between the different cluster
configurations were not significant due to a low number of events.
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The Joint and Individual Clustering makes it possible to decompose data into common and data type-specific clusters following the JIVE algorithm.
Example data from the Cancer Genome Atlas consisting of gene expression and miRNA from breast cancer tissues illustrates how there may exist
independent groups only found in a single data type, in addition to cancer subtypes found jointly in different data types.



