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Additional discussions on the NCut technique

As discussed in the main text, the NCut technique may have multiple much desired advantages. In
addition, many clustering techniques can be viewed as special cases, extensions, or relaxations of
NCut. For example, spectral clustering can be regarded as a relaxation of NCut, where the binary
solution (in the case of K = 2) is relaxed to take continuous values (Von Luxburg, 2007). Compared
to the relaxation versions, NCut has been shown to have additional advantages. Multiple examples
are presented in Guattery and Miller (1998) and in Figure 2 of Von Luxburg (2007). In addition,
both NCut and K-means can be expressed as a trace maximization problem. Thus K-means can
be written as NCut as well (Dhillon et al., 2004). NCut may also have a sound statistical basis. It
has been shown that the normalized spectral clustering, which is a relaxation of NCut, is consistent
under very mild conditions. In contrast, some other graph cutting methods and their relaxations
are only consistent under stringent conditions (Von et al., 2008). Another advantage of NCut is that
it can be easily modified to serve the purpose of assisted analysis. Its numerator and denominator

are “separated”, making it easier to accommodate regulator information.



Additional data analysis results
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Figure Al: Functional modes: analysis of TCGA data using ANCut (left) and K-means (right)
with K=3.



Assisted clustering based on other techniques

We note that the strategy of assisted clustering is not limited to the NCut technique. Below we
briefly discuss the possibility of assisted clustering based on other techniques. We note that a
systematic development of the assisted clustering is beyond the scope of this article and postponed
to future research.
K-means For a given partition Ay, ..., Ax, the standard K-means objective function is
K
J(Avye Ag) =Y ) (Y —my? (1)
k=14€ Ay
where my, = >, 4, Yi/nu, || || is the Euclidean distance, and ny = |A| is the number of elements
in Ayg.
Following a similar spirit as for the ANCut, we may consider incorporating regulator information
and modifying the K-means objective function as
K K
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where K(Y;,my) = exp(—||Y; — mg||/20%) is the Gaussian kernel and 0 < K(-,-) < 1. Here
the numerator represents how dissimilar the data points Y;’s and class means my’s are, and the
denominator represents how similar Y;’s are to my’s.
Spectral clustering Consider the normalized spectral clustering algorithm in Shi and Malik
(2000). This approach first finds the eigenvectors of the normalized Laplacian and then uses
them for clustering data. The first eigenvector u; is the one that maximizes the following objective
function
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where L = D7'L, D = diag{zj wl,j7---,zj wpj} and L = D — W is the graph Laplacian.
Other eigenvectors are derived similarly with the additional constraint of orthogonality. The first

K eigenvectors are used to define K clusters. To accommodate regulator information, we may



consider modifying the objective function in (3) as
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where L = DL, D = diag{}_;(1 —1),...,>_;(1 =y}, and L=D—(1—-W) with 1 be
the p X p matrix of ones. For the construction of both W and W, the Gaussian kernel is adopted
so that it is guaranteed 0 < w; ; <1 and 0 < w;; < 1. Similar to the objective function in (2), the

eigenvector is found so that it maximizes the similarity among Y’s and minimizes the dissimilarity

among Y's.
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