
A COMPARATIVE ANALYSIS OF mRNA EXPRESSION
FOR SIXTEEN DIFFERENT CANCERS

J. B. NATION, GORDON OKIMOTO, TOM WENSKA, ASMEETA ACHARI,
JENNA MALIGRO, TAMMY YOSHIOKA, EMORY ZITELLO

Abstract. The Lattice Up-Stream Targeting (LUST) algorithm
is a discrete mathematical method for analyzing expression data.
It uses a variation of association rules to find groups of genes whose
expression is correlated. These sets of genes are called metagenes,
as they are associated with a common biological process or func-
tion. Metagenes can be refined to smaller subsets called signatures
that represent the entire metagene.

This study uses the LUST algorithm to find metagenes and pre-
dictive signatures for sixteen different types of solid tumors, based
on mRNA expression data from TCGA. This allows us to identify
the metagenes that are common to multiple cancers, and those
that occur with only one or two types. Knowing which metagenes
are associated with a particular cancer enables us to determine fac-
tors that are significant in determining the progress of the disease,
which are then candidates for further study.

Two metagenes were found to be common to almost all sixteen
cancers considered here. Five more metagenes occurred in multiple
types of cancer. The remaining metagenes were either specific to
a particular kind of cancer, or to a few closely related types.

1. Introduction

Each type of cancer involves multiple biological processes, some of
which are common across cancers, and some of which occur in only one
or a few types of cancer. These processes are reflected in mRNA ex-
pression data, found in data bases such as TCGA (The Cancer Genome
Atlas). In this paper we describe an algorithm to identify some of those
processes, and thereby compare different types of cancers. With a slight
modification, the same algorithm can be used to generate predictive
signatures.

The LUST (Lattice Up-Stream Targeting) algorithm is a discrete
method that uses a variation of association rules to find clusters of
genes with similar expression patterns, and within those clusters selects
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groups of genes that maximize some given objective function. The
objective function might represent for example the degree of interaction
between the genes (as reflected in the expression data), or some clinical
outcome such as survival.

In fact, we will apply the algorithm twice for each type of cancer in
this analysis. In the first pass, LUST is applied to the TCGA mRNA
expression data, with an objective function that measures the degree
of interaction between the genes. This allows us to identify groups of
genes that are part of the same biological process, e.g., immunity or
cell division or metabolism, that have sufficient variation across the
samples. These we will refer to as metagenes. Knowing the metagenes
that occur in the gene expression for a particular type of cancer allows
us to determine the biological factors that affect the progress of the
disease, using tools such as GeneAnalytics or IPA (Ingenuity Pathway
Analysis, QIAGEN).

Figure 1 uses a heatmap to illustrate the idea of a metagene, which
is a group of genes whose expression levels are coordinated across the
samples.

Figure 1. Heatmap of a (small) metagene. The rows
represent the genes in the metagene, while the columns
represent samples. Most patients show a similar expres-
sion level for all the genes in the group, either over-
expressing or under-expressing simultaneously.

In the second pass, the algorithm is applied to each metagene with an
objective function that measures survival. This refines the metagenes
to smaller predictive subsets, which we will refer to as signatures. By
comparing the predictive power of the various signatures for a given
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cancer, we can determine factors that affect the aggressiveness of the
disease.

These signatures may also suggest treatment options. Generally this
will require a more detailed analysis of the signatures with regard to
clinical data than is done here, but let us consider an elementary ap-
plication. It is known that immune checkpoint expression itself need
not predict response to immunotherapy; see e.g. Meng et al. [20]
and Section 10. If however we have a good predictive signature for a
given cancer, and the patients in the good prognosis group show sig-
nificantly differentiated expression for a particular immune checkpoint
gene from the patients in the poor prognosis group, then that signa-
ture may possibly serve as a biomarker for immunotherapy blockading
that checkpoint. On the other hand, if all the good predictive signa-
tures show no differentiated expression on the target, then blockading
that checkpoint will likely not significantly affect outcomes. (More ac-
curately, that signature is not a biomarker indicating which patients
might benefit from the treatment in question.) This idea is refined in
Okimoto et al. [26].

Our top-down approach, using the LUST algorithm to find meta-
genes and signatures, is meant to identify those factors in cancer that
warrant further analysis. It is, if you will, looking at the forest rather
than the trees, with the objective of indicating what parts of the forest
might prove productive. These results indicate candidate focal points
for further mathematical, laboratory and clinical investigation, but a
high-level overview does not substitute for detailed analysis.

Our results can be summarized as follows. We analyzed mRNA
expression data from TCGA for sixteen different types of cancer, fo-
cusing on solid tumors. These were the following types (with TCGA
acronym):

• liver cancers: liver hepatocellular carcinoma (LIHC) and cholan-
giocarcinoma (CHOL),
• pancreatic adenocarcinoma (PAAD),
• stomach adenocarcinoma (STAD),
• colon adenocarcinoma (COAD), rectum adenocarcinoma

(READ), and colorectal adenocarcinoma (COADREAD),
• bladder urothelial carcinoma (BLCA),
• kidney cancers: kidney chromophobe (KICH), kidney renal clear

cell carcinoma (KIRC), kidney renal papillary cell carcinoma
(KIRP),
• female reproductive cancers: ovarian serous cystadenocarcinoma

(OV), uterine corpus endometrial carcinoma (UCEC), uterine
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carcinosarcoma (UCS), cervical and endocervical cancers
(CESC),
• prostate adenocarcinoma (PRAD).

The number of samples ranged from 36 for cholangiocarcinoma to 533
for kidney cancer (KIRC); the counts are given in Figure 16 in Appen-
dix 3. There is a slight overlap between the COAD and COADREAD
data. We refer to hepatocellular carcinoma (LIHC) as HCC.

The common metagenes fell into a few basic types. (The identifying
letters have no special significance.) A brief description of the function
for each metagene was obtained from GeneAnalytics, and confirmed
with IPA. The table in Figure 2 summarizes the results for those meta-
genes that occurred in multiple cancers.

Two types occurred with small variations in every cancer consid-
ered here, with the exceptions that uterine sarcoma has no metagene
C, and in stomach cancer metagene C is subsumed by the dominant
metagene R.

• Metagene A consists of about 215 genes regulating immune re-
sponse. Each cancer yields a large subset of this, with varia-
tions. Metagene A is comprised of three parts; see the discussion
in Section 7 and the lists in Appendix 2.
• Metagene C has about 135 genes associated with the extracellu-

lar matrix, collagen process and cell adhesion, and the integrin
pathway.

Five other metagenes show up in the liver, kidney, and one or more
other types.

• Metagene B occurs in liver, kidney, pancreatic and prostate
cancer. It has about 105 genes with functions related to cell
division and the mitotic cell cycle.
• Metagene D is associated with liver, kidney, bladder, women’s

reproductive and prostate cancers. It consists of about 75 genes
associated with protein kinase activity, metal ion binding and
DNA transcription regulation.
• Metagene K shows up with kidney, colorectal and prostate can-

cers. It has around 190 genes. This includes a mixture of genes
associated with mitosis, glucose metabolism, signaling and some
long intergenic non-protein coding genes.
• Metagene L is a collection of 15 genes that are coded from the

AZF region of the male Y chromosome. Thus the gene expres-
sion just mirrors the gender of the patient, and our analysis
based on metagene L predicts differences in outcome according
to gender for liver, kidney, colorectal and bladder cancers, which
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metagene A B C D K L X_3

cancer

liver-HCC #4 - 28 #1 - 30 #2 - 37 #3 - 15 #5 - 9 #8 - 15

liver-CHOL #2 - 7 #4 - 10 #6 - 0 #3 - 9 #5 - 0

pancreatic #2 - 12 #5 - 13 #4 - 11 #6 - 6

kidney-KICH #1 - 10 #2 - 13 #5 - 5 #3 - 10 #4 - 0 #7 - 10

kidney-KIRC #3 - 43 #5 - 54 #6 - 25 #2 - 43 #1 - 60 #7 - 29 #4 - 58

kidney-KIRP #1 - 23 #3 - 27 #5 - 16 #2 - 28 #4 - 19 #6 - 0 #8 - 10

stomach #2 - 19 #3 - 0 #4 - 13

colon #2 - 23 #1 - 16  #4 -  0 #3 - 9

rectum #2 - 0 #1 - 8 #3 - 4

colorectal #3 - 16 #1 - 17 #5 - 0 #2 - 12

bladder #1 - 22 #2 - 15 #5 - 17 #4 - 18 #6 - 4

ovarian #1 - 24 #2 - 11

uterine #1 - 12  #5 - 7 #3 - 12

uterine sarcoma #3 - 8 #4 - 9

cervical #1 - 22 #3 - 23 #4 - 11

prostate #5 - x #2 -x #3 - x #1 - x #7 - x

Figure 2. Common metagenes. The entries indicate
the ranking on the objective function for Part I and the
maximum Fisher score for the signatures based on the
metagene. For example, looking at the entries for liver-
HCC, metagene A was ranked fourth among the meta-
genes for HCC, and generated a signature with a Fisher
score of approximately 28. An “x” indicates that there
were not enough deaths in the prostate cancer data to
support survival analysis.

is consistent with the literature [11, 16, 19, 27, 36]. For several
reasons, though, this is not a good way to study gender-based
differences.
• Metagene X3 contains around 65 genes associated with liver,

kidney, stomach, colon and bladder cancers. It includes genes
involved in tyrosine kinase activity, cell adhesion and extracel-
lular matrix synthesis.

Other metagenes seem to play a strong role in a particular set of can-
cers, but are absent otherwise. Their presence indicates that different
types of cancer may have their own unique features. These are shown
in Figure 3.
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Figure 3. Sporadic metagenes, each associated with
few types of cancer.
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• Metagene E for the liver cancers regulates lipid and small mol-
ecule metabolism. The cholangiocarcinoma version has 106
genes, while the HCC version contains 11 of those genes.
• Metagene G shows up only in prostate cancer here, but is associ-

ated with breast, lung, tongue and other cancers (GeneAnalyt-
ics). It has 32 genes, with functions that include intercellular
communication, thyroid hormones synthesis, calcium ion and
iron ion binding.
• Metagenes I and J for pancreatic cancer are related to synaptic

transmission, insulin secretion and digestion. They contain 138
and 42 genes, respectively.
• Metagene M is associated with bladder and cervical cancer. It

consists of 54 genes, whose functions include calcium ion bind-
ing and transcription factor activity (regulated by TP53).
• Metagenes N and O are the largest groups for uterine sarcoma.

They contain 136 and 86 genes, respectively. Metagene N con-
tains genes related to the actin family of proteins, which play a
role in cell motility, and the myosin family of genes, which are
involved in actin binding and calcium ion binding. Metagene O
contains genes related to cell adhesion in the formation of tight
junctions and epithelial barriers; loss of function of these genes
is thought to contribute to tumor growth and metastasis.
• Metagene P is unique to bladder cancer. It contains 75 genes,

whose functions include sodium ion and iron ion binding, tran-
scription factor activity and regulation of lipid metabolism. The
uroplakin UPK genes play a role in bladder epithelial physiol-
ogy.
• Metagene R is unique to stomach cancer. The 216 genes in

metagene R are related to smooth muscle function, the actin
cytoskeleton and extracellular matrix. This metagene also splits
into two (not quite disjoint) parts, R1 and R2, where part R2
contains genes from metagene C.
• Metagenes X1 and X2 are relatively weak signals in two differ-

ent kidney cancers. They contain 15 and 23 genes, respectively.
Metagene X1 contains genes related to intercellular adhesion
and organization, calcium ion binding, and the MAGE cancer
testis antigen family. Metagene X2 has genes related to metab-
olism.
• Metagenes X5 and X6 are weak signals in rectum or colorectal

cancer. They contain 18 and 13 genes, respectively. The genes
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in metagene X5 are involved in metabolism and peptide ligand-
binding receptors. Metagene X6 contains genes that regulate
immune response in various ways.
• Metagenes X8, X9 and X10 are associated with women’s repro-

ductive cancers. They contain 25, 16 and 16 genes, respectively.
Metagene X8 includes genes regulating the formation of ciliary
and flagellar microtubules. Metagene X9 has genes related to
a number of functions, including hormone activity, transcrip-
tion factor activity, chromatin binding, lipid binding and DNA
binding. Metagene X10 has genes related to the immune system
through interferon-gamma signaling and RNA binding.
• Metagene X11 occurs only in liver cancer (HCC) and stomach

cancer. It has 20 genes that include several cancer-testis anti-
gens.

Beyond these, the algorithm produces a few additional small metagenes
for some cancers, that have little or no predictive power. These are
omitted.

From each metagene on a given cancer, we can generate signatures
predictive of survival, some better than others. Signatures will be
discussed in Sections 8 and 10. Moreover, a signature from one type
of cancer can usually be transferred to another type that has the same
metagene. For example, a signature for metagene A in kidney cancer
will separate the survival curves in most other cancers. Of course,
if the second cancer does not have the metagene in question, then
the signature will not separate the survival curves (with one exception
found in Subsection 10.1).

This paper presents both the LUST algorithm and the results of
applying it to TCGA cancer data. Some readers may wish to skim or
skip the mathematical details in Sections 2–6. The LUST programs
are written in MATLAB (MathWorks, Natick, MA, USA).

2. Data setup

TCGA mRNA expression and clinical data were obtained from the
Broad Institute via the Firehose GDAC portal. We used the normal-
ized gene expression files sequenced by Illumina HiSeq, which reports
expression levels for 20,531 genes. Samples from surrounding tissue
were removed, so that for each patient there was one record, represent-
ing tumor tissue. Following a standard protocol, the expression data
is log transformed, quantile normalized, and row centered.

The expression data is represented as a 20, 531 × N real matrix E,
where N is the number of samples. The number of samples varied from
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36 for cholangiocarcinoma to 533 for kidney cancer (KIRC), but most
were in the range of 150 to 300 samples (see Appendix 3). Clinical
data is downloaded for each patient, though for this initial study we
used only survival times and censoring information.

The data portal also contains microRNA expression and DNA methy-
lation data. The LUST program can use any combination of these, but
so far we have done only a few trial runs with microRNA and methy-
lation. In the long run, these should be included, and perhaps other
variables as well.

The next step is to discretize the expression data in E into a matrix
M with entries +1, 0 and −1. The density of the discretized expression
matrix M is the fraction of nonzero entries. The density is controlled
by an internal threshold variable ϕ. Entries in the expression matrix
that are greater than ϕ will be replaced by +1, representing a high
expression level. Entries that are less than −ϕ will be replaced by −1,
representing a low expression level. The remaining entries are marked
0, representing a normal expression range. The desired density D is
obtained automatically by adjusting ϕ using the secant method.

Because the data has been centered and quantile normalized, if the
density is D, then we expect roughly a fraction D/2 of the entries to be
+1 and roughly D/2 entries to be −1. For example, if D = .50, then
+1 represents the top quartile of expression, while −1 represents the
bottom quartile.

For the purpose of comparison, in the current analysis we used a
common value of D = .50 for all the cancers. Other values between
D = .40 and D = .60 did not effect significant changes in the results.
However, for any particular study, one might vary the density to opti-
mize the results, especially if the number of samples is small.

3. The Lattice Upstream Targeting Algorithm

There are any number of methods available to cluster data sets: hi-
erarchical cluster methods [12, 17, 23], modularity [24, 22], information
theoretic clustering [28, 29], association rules [4, 5, 8, 14, 15]. One can
also try lattice theoretic techniques, such as Formal Concept Analy-
sis [7, 8, 13], the D-Basis [1, 2, 3, 32], Boolean implications [30, 31,
34], or reference to biological resources such as GeneAnalytics or IPA.
The object is always to group genes into equivalence classes in terms
of function.

One can then think of the regulation of one gene by another as induc-
ing a partial order on these equivalence classes. The LUST algorithm
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uses these ideas to produce metagenes and signatures. The expres-
sion data is first discretized into values of +1, 0 and −1 representing
over-expression, a normal range, and under-expression, as previously
described. The genes are then clustered, using a variation on associ-
ation rules, into (possibly overlapping) groups with similar expression
patterns. Each of these groups can then be refined by restricting them
to genes with a common upstream regulator.

Consulting IPA and other genetic resources can be done at any stage
of the process, but it is particularly useful for determining the biological
relevance of the metagenes and signatures.

3.1. Specifications. As indicated above, there are generally two parts
to our analysis. The LUST algorithm can be run on a large set of
expression data to find metagenes, or it can be run on the expression
data for a metagene to produce smaller signatures. We will refer to
these successive runs as Part I and Part II. In either case, the algorithm
will generate many results (groups of genes), which are ranked using
an objective function. The first run is unsupervised, with an objective
function that depends only on the expression data. The second part
is supervised, in the sense that the objective function is determined
by clinical outcomes (in our case survival). The objective functions
currently used are described in Section 3.5.

The input of the LUST algorithm consists of the following.

• Data which can be a combination of gene expression, microRNA
expression, methylation, and possibly other variables.
• The values of parameters density and conftol to adjust the sen-

sitivity of the algorithm.
• For Part II only, clinical data, such as survival time from di-

agnosis and censorship status, age, stage, treatments. Other
clinical data, such as time to recurrence, could be used as well.

The output of the algorithm is:

• Groups of genes (metagenes or signatures), ranked using the
objective function.
• For Part II only, a model based on each signature, e.g., a score

placing patients into high-risk and low-risk groups.
• For Part II only, Kaplan-Meier survival curves based on the

model, or some other measure of the predictive ability of the
signature.

Not all the groups obtained need be related to the disease and/or clin-
ical outcomes, and some will be more relevant than others, but the
results can be analyzed to identify signatures of interest.
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3.2. Regulation, equivalence and basic groups. Now let us de-
scribe the actual LUST algorithm. Assume the density D has been
fixed. Recall that we have the parameter conftol at our disposal.

For a row (gene) X, let X+ denote the set of columns (samples) that
are marked +1, and let X− denote the set of columns that are marked
−1. We say that X regulates Y , and write X → Y , if the following
hold:

(1)
|X+ ∩ Y +|
|X+|

≥ conftol

(2)
|X− ∩ Y −|
|X−|

≥ conftol

In words, X regulates Y if the conditional probability that a patient
over-expresses Y , given that the patient over-expresses X, is at least
conftol, and likewise for under-expression.

Caveat. The term regulates should be interpreted with caution. We
write X → Y to mean that X and Y satisfy the above relations, in
this data set. It might be that X regulates Y biologically, or X and
Y could be regulated by a third factor, while a few such relations may
be random coincidence in a large data set. (However, as we will see in
Section 6, this is rare for the values of the parameters normally used.)
The premise is that if X does strongly regulate Y biologically, then it
will be reflected as regulation in the data.

Now we say that gene X is equivalent to gene Y , and write X ≈ Y ,
if X → Y and Y → X both hold. This means that X and Y are acting
in concert, and heuristically are part of some common process. Note
that equivalence is not in general an equivalence relation, as it need
not be transitive.

(A variation of the program puts X → Y when either (1) and (2)
hold, or when the expression of X and Y is negatively correlated, so
that both of the following hold:

(3)
|X+ ∩ Y −|
|X+|

≥ conftol

(4)
|X− ∩ Y +|
|X−|

≥ conftol

The results in this paper use only the original version of the algorithm,
with (1) and (2).)

3.3. Forming Groups. The LUST algorithm begins by calculating:

(1) for each gene X, a list of all genes Y such that X → Y ,
(2) for each gene X, a list of all genes Y such that X ≈ Y .
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The algorithm also produces a list of nonplayers. Typically, anywhere
from about 50% to 90% of the genes will have the property that neither
X → Y nor Y → X holds for any other gene Y . These genes will not
belong to, nor regulate, any group. While they may play some role in
the overall biology, it is not manifest in the data.

Now we form groups of genes as follows. Initially, the groups consist
of a gene X and all the genes equivalent to it,

FX = {Y : Y ≈ X}.

These groups may overlap substantially. Overlapping groups are merged
according to the following scheme: if a larger group contains at least
overlappercent (a parameter with default value 0.6 for Part I and 0.5
for Part II) of the genes of a smaller group, then the groups are com-
bined. This step is normally performed just once, so as not to extend
the transitivity too far. When the merging is complete, the groups may
still overlap somewhat, or even one group contain the another. That
is to be expected.

Very small groups, with at most some predetermined number genes,
can optionally be discarded at this point to speed up the algorithm.

3.4. Refinement using upstream regulators for signatures. This
step, the refinement of groups using up-stream regulators, is not essen-
tial to the algorithm and could be omitted (despite the name of the
algorithm). In practice, we do omit it in the first run of the algorithm
to find metagenes, but always include it in the second run to find sig-
natures from metagenes. Our experience has been that it gives tighter,
more focused signatures than with the step omitted.

Each group G obtained in the first (clustering) step can be refined
using an upstream regulator. Thinking of the → relation as a quasi-
order, the idea is to restrict our attention to those genes in a group
that have a common regulator. Towards this end, we need a way to
select the regulator candidates for each group.

It turns out to be useful to assign each gene a score which measures
its overall effectiveness as a regulator of the whole set of genes. This
should depend on the number of genes that X regulates, for those genes
Y that it regulates the number of times that both are positive or both
negative, and the fraction of the time that Y agrees with X. The
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following score has all those properties:

sX =
1

N
·
∑
X→Y

(
|X+ ∩ Y +|+ |X− ∩ Y −|

) |X+ ∩ Y +|+ |X− ∩ Y −|
|X+|+ |X−|

=
1

N
·
∑
X→Y

(|X+ ∩ Y +|+ |X− ∩ Y −|)2

|X+|+ |X−|

where N is the total number of samples (patients or columns).
Now let G be a group obtained in the first step, and choose a value of

the parameter noregs that determines the number of regulators to be
kept for each such group. (The default value is noregs = 5.) For every
gene X not in G, consider the set GX = {X} ∪ {Y ∈ G : X → Y }.
To every such gene we assign a score which measures how much X
regulates G:

pXG =
|GX |
|G|

(1 + sX).

If noregs = k and X1, . . . , Xk are the regulators of G with the k highest
scores pXG, then the groups GX1 , . . . , GXk

are kept for further testing.
This is done for each of the original groups G.

The intent is that restricting the group to genes with a common
upsteam regulator will further isolate the biological processes going on.
The groups GX will generally be smaller than G, and some of them
will separate the survival curves as well as or better than G.

Of course, a larger value of noregs slows down the algorithm, but
it should be large enough that the last few groups obtained are not
significant.

3.5. Objective functions. The LUST algorithm will generate many
groups that are candidates for metagenes or signatures. These candi-
dates are ranked using an objective function that we seek to maximize.

There are two basic types of objective function. For Part I, we regard
a metagene as a directed graph, with edges determined by the relation
X → Y . The objective function for Part I should be a graph-theoretic
measure of the probability of obtaining a set of vertices of that size and
density of edges. An alternative would be an information-theoretic
measure. The objective function for metagenes does not depend on
clinical outcomes, but only on the expression data.

For the signatures of Part II, on the other hand, the objective func-
tion should depend on clinical outcomes. For this study we used a score
based on survival time from date of diagnosis, unadjusted for covariate
factors. There are many other clinical objective functions of interest,
including survival times adjusted for covariates or disease-free survival
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(time to recurrence). The factor of interest may also depend on the
aggressiveness of the cancer in question.

Part I. Suppose we are given a metagene M with n genes. Regarding
M as a directed graph, let |E| be the number of arrow relations (edges)
X → Y between genes (vertices) of M . (Here X ≈ Y counts as two
directed edges.) A complete directed graph on n vertices would have
n(n− 1) edges. Hence the edge density of M is given by

δ(M) =
|E|

n(n− 1)
.

The objective function should be increasing in both the size n of the
metagene and its edge density. A simple objective function with this
property is

f(M) = n · |E|
n(n− 1)

=
|E|
n− 1

and this is what we used for Part I.
There is another way of looking at it. We want to consider the

probability that a random set of n genes has |E| or more arrows. Let p
be the density of arrows for the entire set of N = 20, 531 genes, i.e., p
is the total number of arrows divided by N(N − 1). Then p represents
the probability that X → Y holds for a random pair of genes from the
entire set. Hence the expected number of arrows for an n-gene subset
is given by µ = p · n(n − 1), with variance σ2 = p(1 − p) · n(n − 1).
So the z-score in this distribution for a set of n genes with |E| edges is
given by

z =
|E| − pn(n− 1)√
2p(1− p)n(n− 1)

.

However, in general n� N and p� 1, while for a “good” (i.e., dense)
metagene |E| � µ = pn(n− 1). In that case

z
.
=

|E|√
2p(1− p)n(n− 1)

.

This is proportional to
|E|√

n(n− 1)
which for large n is approximately

|E|
n− 1

= f(M). Thus f(M) is a measure of the probability that the

edge density of a set of n genes is at least δ(M).
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Part II. Recall that signatures are subsets of metagenes, and for Part
II we want an objective function that measures the clinical relevance
of the signature.

The groups thus formed correspond to signals in the expression data,
which may or may not be related to clinical outcomes. In order to
determine which groups are associated with survival, for each group GX

we form the submatrix EGX
of the original (undiscretized) expression

matrix whose rows correspond to genes in the group GX , and columns
to patients. We then test whether this group of genes predicts survival
on this data set, using the eigen-survival analysis from [25], described
in Appendix 1.

Briefly, given a signature GX , the eigen-survival analysis produces a
predictive score for each patient, which is a linear combination of that
patient’s expression values for the genes in GX . Once the predictive
scores are computed, the top and bottom quartiles are identified. For
each of these we calculate the Kaplan-Meier expected survival curves,
and measure their separation using the logrank and Cox tests. Each
of these produces a p-value for the separation. Let p1 be the p-value
for separating the survival curves using the logrank test, and let p2 be
the p-value for Cox regression. Then the Fisher score for the group
is given by F (GX) = − log p1 − log p2. (For convenience, we use the
natural logarithm in our calculations, so that if p1 = p2 = .05, then
F (GX) = 6.)

The signatures GX can then be ranked according to their Fisher
scores. This provides a fairly straightforward measure of how well
the survival curves are separated, with a larger score indicating more
separation.

To study disease-free survival, we need only change the terminal
event from death to death or recurrence. Of course, either the log-
rank or Cox test could be used separately, and to adjust for covariate
factors we would use the latter. Other possible objective functions
might be the difference in mean survival time between the good and
poor responders, or the difference in 5-year survival rates, but these
measures are more sensitive to sample size and censoring effects.

4. Part I: Finding and ranking metagenes

Now let us describe the process to find metagenes for a particular
type of cancer. Our first task is to choose the value of the parameter
conftol. Since the algorithm will be used to compare different types
of cancer, we need a uniform protocol. On the other hand, the num-
ber of samples varies considerably, and data with a smaller number
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of samples generally requires a larger value of conftol to get compara-
ble results (because they more easily generate arrow relations). Also,
the variability of expression differs from cancer to cancer. Still, taking
these factors into consideration, the optimum value of conftol was be-
tween 0.7 and 0.8 for every cancer considered. That being the case, we
used conftol = 0.75 uniformly for our comparisons.

As with density, for any particular study one should try several val-
ues of conftol and compare the results. Lowering conftol increases the
sensitivity of the algorithm, and as long as values below 0.5 are avoided,
false discoveries are not an issue (see Section 6). Lower values of con-
ftol yield larger versions of the same metagenes, plus some additional
metagenes that often have little or no clinical significance. This may
or may not be desirable, depending on one’s point of view: the central
contributors to the metagene will persist through a range of values of
the parameter.

Now the LUST program is run on the expression matrix E for the
type of cancer being considered. The output consists of the following:

(1) a list of the genes in each of the 32 largest groups G1, . . . , G32,
(2) a table giving the size of the groups |Gi| and their intersections
|Gi ∩Gj|,

(3) the value f(Gi) of the objective function on each group.

Some comments are in order. The groups in (1) are the groups after
merging, listed in the order based on their size before merging, with
their scores on the objective function given in a separate table. This is
not crucial but works well, and makes sure that all the large single-gene
generated groups GX are included. The parameter 32 in (1) is clearly
arbitrary. The idea is to include enough groups so that the last few
are much less significant than the first few, and choosing 20 groups was
not enough for that criterion. An argument could be made to include
a few more, and the parameter is easily adjusted.

Now we form a pseudo-equivalence by setting Gi ≡ Gj if Gi ∩ Gj

is large. This is again not a transitive relation. Mimicking what was
done with merging, we can say that the overlap is “large” if |Gi ∩Gj|
is at least some fixed fraction κ of the lesser of |Gi| and |Gj|. In fact,
this partitioning is easy to do by hand, and has not been built into the
program yet, though it should and eventually will be.

From each pseudo-equivalence class, choose a representative Gk that
maximizes the objective function f(G). These representatives Gk will
be the metagenes for this cancer.

Figure 4 illustrates this process for a collection of 5 groups.



ANALYSIS OF mRNA EXPRESSION DATA 17

In practice, we obtain from 4 to 8 metagenes in this way for each
type of cancer. These can be ranked according to their values with the
objective function f(G).

OVERLAP f(G)

G1 G2 G3 G4 G5

G1 340 230 220 0 1 7.7

G2 260 210 0 2 9.1

G3 250 0 0 8

G4 250 160 7.1

G5 180 7.5

Figure 4. Schematic output of the LUST algorithm,
Part I. The overlaps show that group G1 contains 340
genes, G2 contains 260 genes, and their intersection
G1 ∩ G2 contains 230 genes, etc. The overlaps indicate
that groups G1, G2 and G3 represent the same biological
process or pathway; we would choose G2 as the repre-
sentative metagene since it has the highest score on the
objective function f(G). Groups G4 and G5 are from a
different process; for this set of candidate metagenes we
would choose G5 as the representative based on its score.

5. Part II: Finding and ranking signatures

Now we want to find within each metagene a signature that is predic-
tive of survival, if possible. To achieve this, we run the LUST algorithm
again, with different input, objective function, and output.

• The input is the expression matrix EG consisting of the rows
of the original expression matrix corresponding to the genes in
the metagene G, and the clinical data, in this case the survival
times and censoring information.
• The objective function is the Fisher score: for a subset S ⊆ G,

this is f(S) = − log(p1) − log(p2) where p1 and p2 are the p
values for logrank and Cox modeling, respectively. (This is one
of several options to measure clinical outcomes.)
• The output is a list of the top signatures contained in G, ranked

by their Fisher scores. In addition to the list of genes in the
signature, we generate the Kaplan-Meier survival curves and a
model (see Appendix 1).
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There are many factors that affect the predictive quality of a signature,
including the aggressiveness of the disease, the probability of early de-
tection, the effectiveness of treatments. The Fisher score also depends
on the number of samples, so comparison across cancers must take this
into account. A method to standardize the p-scores to account for vari-
ations in sample size is given in Appendix 3. One may also want to
output other relevant information for the signature; see Section 8.

Rather than choose a single value of conftol, one can run the program
for several values, and combine the signatures obtained with their ranks
into a pool, and then choose the best Fisher score from all possibilities.
For the current study, we used conftol = 0.66, 0.70 and 0.74.

6. False discovery rate

The calculation of a good estimate for the false discovery rate is an
elementary statistics problem. Fix the density D, and let p = D

2
. For

convenience of notation, let γ denote conftol. Consider an m×n matrix
with entries +1, −1, 0 assigned from uniform probability distributions
of densities p, p, 1− 2p respectively. We first determine prob(X → Y )
for a given pair of rows X, Y . Let

g(n, a, b, p) =

(
n

a, b

)
pa+b(1− 2p)n−a−b

h(a, c, p) =

(
a

c

)
pc(1− p)a−c.

Thus g(n, a, b, p) is the probability that row X will have a entries +1
and b of −1. Likewise, h(a, c, p) is the probability that row Y will have
c entries of +1 in a given set of a columns. Combining these, we see
that

prob(X → Y ) =
∑

1≤a,b≤n

g(n, a, b, p)

 ∑
a≥c≥γa
b≥d≥γb

h(a, c, p) · h(b, d, p)


=

∑
1≤a,b≤n

g(n, a, b, p)

( ∑
a≥c≥γa

h(a, c, p)

)( ∑
b≥d≥γb

h(b, d, p)

)
.

The expected number of relations X → Y over all pairs of the m rows
is then given by E = m(m− 1) · prob(X → Y ).

Testing on permuted data matrices confirms that these estimates are
very accurate, except for values of conftol below 0.4, which is far below
the values used in practice.
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And the expected number of random arrows is small. The table in
Figure 5 gives the estimated number of arrows in a random matrix of
various sizes for the range of values of conftol that are normally used.

conftol 0.6 0.7 0.8

prob 4.01E-04 4.61E-08 1.00E-15 2.30E-05 2.90E-11 2.70E-22 1.72E-06 1.17E-14

rows\cols 36 100 200 36 100 200 36 100 200

100 4 0 0 0.2 0 0 0.02 0 0

200 16 0 0 1 0 0 0.07 0 0

500 100 0.01 0 6 0 0 0.4 0 0

1,000 400 0.05 0 23 0 0 1.7 0 0

5,000 10,000 1 0 576 0 0 43 0 0

20,000 160,000 18 0 9,220 0.01 0 689 0 0

Figure 5. Expected number of arrow relations X → Y
for random matrices of various sizes and various conftol
values. For example, with conftol = 0.7, in a 200 × 36
random matrix, the probability of any particular X → Y
is 2.3× 10−5 and the expected number of arrows is 1.

For Part I, finding metagenes, a typical real expression data matrix of
size 20, 000×100 with conftol = 0.7 (the least value used for Part I), will
generate 150,000 to 200,000 arrows. The expected number of random
arrow relations is 0.01. When there are more columns, the expected
number of random arrows is less.

The worst-case scenario we encounter is with cholangiocarcinoma, for
which there are only 36 patients in the TCGA data. For a 20, 000× 36
matrix, the expected number of random arrows is 9,220. However, the
real data matrix with conftol = 0.7 yields just over 830,000 arrows, so
the fraction of random arrows is still negligible.

For the expression matrices used in Part II, finding signatures, there
are even fewer random arrows. We conclude that the false discovery
rate is effectively zero, for both parts.

Simulations give some idea of the sensitivity of the LUST algorithm.
For these simulations, we created a 5, 000 × 120 signal matrix S with
a step-signal in the first 200 rows consisting of 30 entries of +1, 30
entries of −1, and 60 zeros. To this was added a Gaussian noise matrix
to form M = S + aN, using the variable a to adjust the signal-to-noise
ratio (SNR). The LUST algorithm was then applied to M, with the
objective of identifying the 200 rows containing the signal.

With conftol=0.7 and SNR=−10 db, the algorithm found on average
188 rows out of the 200. The performance deteriorated rapidly with
the SNR, so that at SNR=−12.5 db, the algorithm found an average of
4 rows, and for SNR=−15 db it found none.
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Lowering conftol improves the sensitivity. With conftol=0.6, the
algorithm found 200 at SNR = −10 db, an average of 196 rows at
SNR=−12.5 db, and an average of 50 rows at SNR= −15 db.

In the preceding cases, as predicted, there were zero false rows dis-
covered.

With conftol=0.5, the algorithm found 200 at SNR = −10 db and
−12.5 db, still with no false discoveries. But at SNR=−15 db, it found
an average of only 199 rows in the signal, and there were an average of
4 (out of 4800 possible) false positives.

Of course, we don’t know the real nature of biological signals in
expression data (except that it is almost surely not a single step-signal
embedded in Gaussian noise). But this does tell us that the signals
we have found in the expression data, in the form of metagenes and
signatures, are quite strong.

7. Results: metagenes

In this section let us consider how one should interpret metagenes.
Lists of the genes contained in the metagenes found by the LUST al-
gorithm are given in Appendix 2.

A metagene is collection of genes acting in concert. The probability
of this happening for a large number of samples without their being
part of some common process (or interacting pathways) is low, as evi-
denced by the false discovery rate. Moreover, these genes are expressed
differentially in the samples. Thus the metagene points to some fea-
ture or factor that varies in cancer patients. (It will not in general
distinguish tumor from normal.) This may reflect

• aggressiveness of the tumor,
• proliferation,
• patient response to the disease,
• some factor unique to the organ in question (e.g., lipid metabo-

lism in HCC, digestive functon or insulin regulation in pancre-
atic cancer), or
• none of the above.

The significance of the metagene can be measured by

(1) the objective function f(M) from Section 3, or
(2) how well the signatures obtained from the metagene separate

the survival curves (or some other clinical response).

These are rather different measures, which are rather loosely corre-
lated. One function of signatures is to identify the patients that have
the factor in question, e.g., impaired immune response or metabolic
dysfunction.
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If signatures from the metagene separate the Kaplan-Meier survival
curves, then there is something there that needs to be understood.
Caveat: None of our current analysis addresses mutations or methy-
lation or microRNA regulation of gene expression. These factors are
relevant and should be included in later studies. The LUST algorithm
supports multiple data types.

Sometimes a collection of genes that is a single group for some cancers
can split into two or more metagenes for others, with the parts being
disjoint or nearly so. This is particularly true for metagene A, related
to immune regulation, as illustrated for ovarian cancer in Appendix 2.
Let us call those parts A1 , A2 and A3. When we look at the groups
from Part I that are candidates for metagene A, several options occur.

• Some groups are a mixture of A1, A2 and A3.
• Some groups contain A2 and A3 combined, but separate from

A1.
• Sometimes all three parts form distinct groups.

Whether we regard this situation as one metagene with three parts,
or three related and slightly overlapping metagenes, is a matter of
convenience.

How or whether the split occurs differs for the various cancers.

• The groups from Part I for metagene A are all mixed, with no
pronounced split, in bladder and uterine cancer.
• There is a large combined metagene, along with smaller split

versions, for ovarian, cervical, prostate and liver CHOL cancers.
• The groups are split into A1 versions and combined A2-A3 ver-

sions in pancreatic, colon, liver HCC, kidney KIRC cancers and
uterine sarcoma.
• The groups are all heavily type A2 or A2-A3 in kidney KICH,

kidney KIRP, rectum and colorectal cancers. (Colon cancer
could be put into this group, but it has a small A1 group also.)

In all cases, even when the metagene A is mixed, its signatures tend to
come from one part or the other.

Nor do we have a good description of these two parts in terms of
function, though it is easy enough to identify certain subsets. For ex-
ample, A1 contains the SLAM (signaling lymphocytic activation mole-
cule) family genes CD2, CD48, LY9, SH2D1A, SLAMF1, SLAMF6 and
SLAMF7. Part A2 contains genes from the tyrosine kinase pathway:
BTK, LCP2, PTPRC, SIGLEC7, SIGLEC9, SIGLEC10 and (in most
versions) VAV1, as well as several genes from the Fc gamma receptor
(FCGR) and G protein receptor (GPR) families. This is an area that
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warrants further investigation; see the analysis of immune response in
HCC by Sia et al. [33].

Metagene R for stomach cancer also shows a distinct split into two
parts, with part R2 being the stomach cancer version of metagene C.

It can be instructive to run the LUST algorithm on subsets of pa-
tients meeting a certain criterion. We have only just begun doing this
systematically, using stage as a measure of early and late disease.

For example, we divided liver cancer (HCC) patients into two groups:

(1) stage 1 tumors weighing at most 500 grams,
(2) stage 2 or stage 3 tumors.

Patients with large stage 1 tumors or stage 4 were omitted. Our data
represents expression levels for each patient at the time of resection,
but gene expression may well change as the disease progresses. Looking
at different stages amounts to using stage as a surrogate for time.

The first distinction was simply in the number of genes that were
significantly differentially expressed between long-term and short-term
survivors in each group. For the Stage 1 group, 67 of the 20,531 genes
in our data set were differentially expressed with a p-value less than
.001. Since there are 157 patients in the Stage 1 group and 193 patients
in Stage 2–3, we convert p ≤ .001 to the corresponding level for 193
samples (as discussed in Appendix 3), which is p ≤ .000264. For the
Stage 2–3 group, 1143 of the 20,531 genes were differentially expressed
with a p-value less than .000264.

The two groups, Stage 1 and Stage 2–3 also had a noticeably differ-
ent ranking of metagenes. Metagene A (regulating immune response)
was most prominent for Stage 1 tumors, and gave the best prognostic
signatures. Metagene B (cell division and mitosis) was a distant sec-
ond. For Stage 2–3 tumors, the results were reversed: Metagene B was
the more prominent and predictive signature. Based on other work by
our group, we suspect that metabolic function becomes increasingly
disregulated as the disease progresses [26].

Early diagnosis of HCC is perhaps the primary factor for patient
outcome with liver cancer [18]. However,he survival distribution for
stage 1 HCC patients is bimodal: roughly 20% of these patients die
within the first two years after diagnosis, another 10% during the next
two years, while 70% live at least four years, often much longer. A
44-gene signature based on metagene A identifies the stage 1 short-
term survivors fairly accurately [21]. If the poor prognosis group could
be recognized, then these patients would be candidates for alternate
treatment.
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On the other hand, when we analyzed stage 1 vs. stage 2–3 cervical
cancer, or stage 2 vs. stage 4 bladder cancer, there were no appreciable
differences in the metagenes or signatures. These disparities in behavior
beg explanation.

8. Results: signatures

For 15 of the 16 types of cancer considered here (excepting prostate
cancer), we used LUST to find predictive signatures based on the meta-
genes found in Part I. The degree of separation of the survival curves
is a measure of the significance of the corresponding metagene for the
disease. The eigen-survival analysis used here (from [25]) is described
in Appendix 1. It assigns each patient a score based on the expres-
sion of the genes in the signature, and uses this score to identify good
prognosis and poor prognosis groups (by quartiles). Different signa-
tures will identify different sets of patients for good and poor response,
determined by the biological relevance of the factor measured by the
metagene to clinical outcomes.

We will illustrate this analysis with the signatures for pancreatic
cancer, cervical cancer and kidney renal clear cell carcinoma (KIRC).
Signatures and Kaplan-Meier plots for the remaining 12 types of cancer
are available upon request.

Several caveats are in order.

(1) The LUST algorithm produces multiple signatures for each meta-
gene on each cancer, which may differ considerably. The exam-
ples given below are good representatives, but not necessarily
optimum.

(2) Once a basic good signature is identified, there may be ways to
refine it.

(3) In the refinement process, correlated variables (such as stage,
age, treatment) should be considered, as well as additional
biological information obtained from the literature or IPA or
GeneAnalytics.

(4) Since p-values, and hence Fisher scores, depend on the number
of samples, care should be used in comparing signatures across
cancers. A method to convert p-values to the equivalent for a
standard sample size is given in Appendix 3.

(5) TCGA uses tissue samples from resections only (https://cancer-
genome.nih.gov/cancersselected/biospeccriteria). Thus inoper-
able tumors are not represented, and this biases the survival
statistics. For aggressive cancers such as liver or pancreatic
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cancers, the overall survival rates are lower than our estimates
based on TCGA data.
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Figure 6. Kaplan-Meier survival curves for the pancre-
atic cancer signature obtained from metagene I.

8.1. Pancreatic cancer. The TCGA pancreatic cancer (PAAD) data
contains 8 cases of neuroendocrine tumors (NET). These were removed,
leaving 170 adenocarcinomas.

The first metagene for pancreatic cancer was metagene I, related
to synaptic transmission, insulin secretion and digestion. For this
metagene, LUST found a 31-gene signature: ST18, ABCC8, C19orf30,
C1orf127, CELF3, CFC1B, CHGA, CHGB, CPLX2, CRYBA2, FFAR1,
FLJ43390, G6PC2, GAD2, GJD2, KCNK16, LRRTM3, NEUROD1,
NKX2-2, NOL4, PCSK2, RFX6, RXRG, SCG3, SCGN, SH3GL2,
SLC30A8, SLC6A17, SSTR3, SST, SYT4. The Kaplan-Meier curves
for this signature are given in Figure 6, with a Fisher score of 18.0. The
poor prognosis group had 31 deaths and 11 censored survival times,
while the good prognosis group had 14 deaths and 28 censored values.

The second metagene for pancreatic cancer was metagene A, related
to immune system regulation. The corresponding signature from LUST
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has 12 genes: GAB3, BTK, CD37, CD4, CD53, DOCK2, IL10RA,
MYO1F, NCKAP1L, PIK3R5, SASH3, WAS. Note these genes are all
from part A2. The Kaplan-Meier curves are given in Figure 7, with a
Fisher score of 12.2. This signature is actually somewhat better than
meets the eye: the poor prognosis group had 28 deaths and 14 censored
survival times, while the good prognosis group had 13 deaths and 29
censored values.

A 4-gene signature from metagene A1 yields similar results (BIN2,
ACAP1, MAP4K1, ZAP70).
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Figure 7. Kaplan-Meier survival curves for the pancre-
atic cancer signature obtained from metagene A.

The third and fourth metagenes, namely J and C, produced rather
indifferent signatures. Though they separated the survival curves “sign-
ficantly”, there was little to recommend them as biomarkers, and they
are omitted.

The fifth metagene B, consisting of genes regulating cell division
and the mitotic cycle, did slightly better. LUST generated a 17-gene
signature with a Fisher score of 12.7: NCAPH, ASPM, BUB1, CDC20,
CENPA, CENPE, CKAP2L, DEPDC1, DLGAP5, E2F8, ERCC6L,
EXO1, HMMR, KIF14, KIF18A, KIF4A, SGOL1. The poor prognosis
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group had 32 deaths and 10 censored survival times, while the good
prognosis group had 14 deaths and 28 censored values. Its Kaplan-
Meier curves are omitted.

Most of the pancreatic cancer patients in the TCGA data were di-
agnosed at stage 2. There is evidence that the metagenes would rank
differently for stage 1, but there were not enough stage 1 patients in the
TCGA data to ascertain this (15 samples). This distinction needs to
be investigated more thoroughly (on data with more stage 1 pancreatic
cancer patients).

8.2. Cervical cancer. The prognosis for cervical cancer patients is in
general considerably better than for pancreatic cancer patients, in large
part due to early detection in developed countries. This is immediately
apparent in the survival curves.

The immune system metgene A is the first metagene for cervical can-
cer. It gives a 14-gene signature: LAIR1, AIF1, C1QA, C1QB, C1QC,
CD163, FCGR1A, FCGR1B, FCGR1C, FCGR3A, HK3, LILRB4,
SIGLEC1, VSIG4 with a Fisher score of 21.8. All these genes are from
part A2. Notice that 90% of those patients in the good prognosis group
survive at least 5 years. For this metagene, the good prognosis group
had 8 deaths and 68 censored survival times, while the poor prognosis
group had 26 deaths and 50 censored values. The Kaplan-Meier curves
for this signature are given in Figure 8.

Metagene M occurs with cervical and bladder cancer. Its signatures
include the 16-gene version ZNF750, BNC1, CALML3, CLCA2, DSC3,
DSG3, GBP6, IVL, KRT5, KRT6A, KRT6B, KRT6C, PKP1, S100A8,
SERPINB13, TP63 with a Fisher score of 11.6. Signatures for meta-
gene M separate the survival curves, but not as well as metagenes A
and C.

Metagene C produces a 9-gene signature: OLFML1, AEBP1, CDH11,
COL3A1, COL6A3, DCN, EMILIN1, ISLR, PDGFRB with a Fisher
score of 23.2. For this metagene, the good prognosis group had 6 deaths
and 70 censored survival times, while the poor prognosis group had 27
deaths and 49 censored values. The Kaplan-Meier curves for this sig-
nature are given in Figure 9.

Signatures from metagenes D, X8 and X10 also separate the survival
curves, but again not as well as metagenes A and C.

8.3. Kidney cancer (KIRC). The metagenes for renal clear cell car-
cinoma produce multiple good signatures. Thus we can anticipate that
there are various factors affecting the severity of the disease. However,
the very low p-values also reflect the fact that the TCGA data has 533
samples for this common cancer.



ANALYSIS OF mRNA EXPRESSION DATA 27

0 500 1000 1500 2000 2500 3000 3500 4000

cerv meta A no. 1 grp 8 alphamale 134 size 14

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

S
ur

vi
va

l P
ro

ba
bi

lit
y

logrankP=2.169e-05, coxP=1.5625e-05

hi
lo

Figure 8. Kaplan-Meier survival curves for the cervical
cancer signature obtained from metagene A.

Metagene K generates a 21-gene signature: TUBGCP6, AGAP6,
AGER, AHSA2, ATG16L2, CCNL2, CHKB-CPT1B, GSDMB,
HERC2P2, LENG8, LOC100131434, LOC146880, LOC338799,
LY6G5B, NCRNA00201, NPIPL3, PABPC1L, PDXDC2, PILRB,
TNFRSF25, TTLL3 with a Fisher score of 60.3. For this metagene, the
good prognosis group had 23 deaths and 110 censored survival times,
while the poor prognosis group had 78 deaths and 55 censored values.
The Kaplan-Meier curves for this signature are given in Figure 10.

The signature found in metagene D does somewhat better at identify-
ing good reponders, and worse at identifying the poor prognosis group.
Its 34 genes are: MAN1A2, ANKRD36BP1, APOOL, ASXL2, CCNT1,
CDKL5, CLOCK, DDI2, DGKH, EXOC6B, GTF2A1, HIPK3, IL6ST,
IPMK, KIAA0754, LCOR, LMBRD2, LNPEP, MGAT5, MYO9A,
NBEAL1, NCOA2, PARD3B, REL, REST, SBNO1, SERINC5,
SGK196, SLC30A4, STRN, TAOK1, UBXN7, UHMK1, ZDHHC20.
For this metagene, the good prognosis group had 14 deaths and 119
censored survival times, while the poor prognosis group had 64 deaths
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Figure 9. Kaplan-Meier survival curves for the cervical
cancer signature obtained from metagene C.

and 69 censored values. The Kaplan-Meier curves for this signature
are given in Figure 11 with a Fisher score of 41.4.

There are also good signatures for KIRC from metagenes A, B and
X3, which we present briefly.

The signature from metagene A contains 40 genes: MAP4K1,
ACAP1, BATF, CCL5, CCR5, CD27, CD2, CD3D, CD3E, CD5, CD8A,
CD8B, CD96, CRTAM, CST7, CXCR3, CXCR6, EOMES, GZMA,
GZMK, IL2RG, KLRK1, LCK, LTA, LY9, NELL2, PDCD1, PTPN7,
PTPRCAP, PYHIN1, SH2D1A, SIRPG, SIT1, SLA2, SLAMF6,
SLAMF7, SP140, THEMIS, TIGIT, UBASH3A. This signature has
type A1. Its Kaplan-Meier survival curves, with a Fisher score of 43.4,
are given in Figure 12.

The 5-gene signature from metagene B contains CDCA5, FOXM1,
HJURP, KIF18B, PLK1 and has a Fisher score of 54.2.

The 4-gene signature from metagene X3 contains CYYR1, KDR,
PTPRB, TEK with a Fisher score of 57.8. The plots of their Kaplan-
Meier curves are similar to the others, and are omitted.
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Figure 10. Kaplan-Meier survival curves for the kidney
cancer (KIRC) signature obtained from metagene K.

9. Results: cancers

In this section we note distinguishing features of some cancers.
The liver cancers (HCC and cholangiocarcinoma) have metagene E

related to lipid metabolism. This represents a subset of tumors with a
generally disregulated metabolism, as explained in Okimoto et al. [26].
It is more prominent in cholangiocarcinoma, and engenders a poor
prognosis.

There are two metagenes unique to pancreatic cancer, I and J. The
former seems to be a significant factor. Likewise, stomach cancer has
metagene R as its top signal.

Metagene K plays a strong role in two kidney cancers, KIRC and
KIRP, though not in KICH.

The colorectal cancers and bladder cancer all have metagenes A and
C as the strongest signal. For colorectal cancers, the remaining meta-
genes have a minor role. Bladder cancer also has metagene P and a
version of metagene M.
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Figure 11. Kaplan-Meier survival curves for the kidney
cancer (KIRC) signature obtained from metagene D.

Three metagenes, X8, X9 and X10 occur only in women’s reproduc-
tive cancers. Metagene M occurs with cervical and bladder cancer.
Uterine sarcoma is different from the other cancers considered here,
and has unique metagenes N and O as its most prominent signals.

Prostate cancer has metagene G uniquely among those considered
here, but GeneAnalytics suggests that these genes may be associated
with other types of cancer.

Finally, as noted earlier, metagene L just sorts the patients by gen-
der. It can be useful for indicating the presence of gender-based differ-
ences in outcome, but is not a good way to analyze those differences.

10. Implications for treatment

It is an interesting exercise to see which genes are differentially ex-
pressed between long-term and short-term survivors for different types
of cancer. In doing so, we must deal with the short censored survival
times. One option is the following.

Find the mean µ of all the survival times, censored and uncensored.
Then take the subpopulation consisting of all deceased patients and
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Figure 12. Kaplan-Meier survival curves for the kidney
cancer (KIRC) signature obtained from metagene A.

all patients who have survived at least µ, and order them by survival
time. One can then compare both survival times and expression levels
for the top and bottom quartiles of this set of patients.

This will be done for the same three cancers as in Section 8. Again,
results for other cancers are available upon request.

10.1. Pancreatic cancer. Figure 13 gives the survival curves for the
top and bottom quartiles of pancreatic cancer patients, again with the
neuroendocrine tumors removed. The blue curve for the lower quartile
clearly indicates the aggressiveness of pancreatic cancer, while the red
curve for the upper quartile reflects the bias in the data due to non-
operable cases not being included.

But there is a surprise in store! We can compute the differential
expression between long- and short-term survivors of pancreatic can-
cer for all 20,531 genes. Among the 60 most differentiated genes, we
recognize 8 genes from metagene M (down-regulated on long-term sur-
vivors), in addition to apparently random genes and a couple each from
metagenes G and O. The LUST algorithm does not pick up metagene
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Figure 13. Survival curves for top and bottom quar-
tiles of pancreatic cancer patients.

M, even if we adjust the parameters. Moreover, metagene M generates
signatures which separate the survival curves with a Fisher score of
11.2.

We have not been able to duplicate this phenomenon with any other
type of cancer. For the remaining cancers in this study, the genes
that were most differentially expressed were either entirely random, or
random with a few genes from metagenes that LUST associated with
the cancer.

10.2. Cervical cancer. The survival curves for cervical cancer are
similar to those for kidney KIRC. Again looking at differential expres-
sion over the entire gene set between long- and short-term survivors
yields a random set that includes a few genes from metagenes the LUST
algorithm has already associated with the disease.

10.3. Kidney cancer (KIRC). The survival curves for the top and
bottom quartiles of KIRC patients are given in Figure 14. The more
optimistic prognosis is evident in the figure. Looking at the most dif-
ferentially expressed genes over the whole 20K gene set yields a random
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collection plus a few genes from metagenes B and K, which the algo-
rithm already associated with KIRC.
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Figure 14. Survival curves for top and bottom quar-
tiles of kidney cancer (KIRC) patients.

10.4. Drug targets as biomarkers. It is generally understood that
drug targets can sometimes serve as biomarkers for treatment. With
that in mind, we tested several signatures based on drug targets, to
see if they significantly separated the survival curves on the TCGA
data. When such a signature works, it does not mean that the target
provides the most useful signature, but it does indicate an avenue to
be explored.

The signatures tested were:

• PD1 signature, consiting of PD1, PDL1 and PL2,
• CLTA4 signature, consiting of CTLA4, CD80 and CD86,
• TIM3 signature, consiting of TIM3 and LGALS9,
• IDO signature, consiting of IDO1 and IDO2,
• JAK signature, consiting of JAK1, JAK2 and JAK3,
• CDK signature, consiting of CDK1 to CDK8.
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These were only tested on types of cancer where our previous signatures
had shown they might be relevant. The results are shown in Figure 15,
where an S indicates that the survival curves were signficantly sepa-
rated, and S∗ indicates very large separation.

cancer PD1 CTLA4 TIM3 IDO JAK CDK

liver-HCC S x x x x S

pancreatic x x S S x S

kidney-KIRC S S S S S* S

kidney-KIRP x S x S x S*

stomach S S S x x x

colorectal x x x x x x

bladder S S S x x S

ovarian x S x x x S

cervical S x S S x S*

Figure 15. Signatures based on drug targets as
biomarkers. An S indicates that the signature separates
the survival curves significantly, while an x indicates no
significant separation. An S∗ indicates pronounced sep-
aration.

11. Conclusion

The LUST algorithm uses a variation of association rules to clus-
ter genes that have similar expression patterns. We have applied the
algorithm to mRNA expression data from TCGA for sixteen different
types of cancer.

For each type, the algorithm is applied twice. The first time the
algorithm is applied to the entire expression matrix, and uses a graph-
theoretic objective function to rank the groups obtained (Part I). This
pass identifies and ranks a small set of metagenes associated with the
cancer. The second time the algorithm is applied to the expression
matrix for each metagene (Part II). This pass is supervised by survival,
and uses the Fisher score to rank the results. This pass identifies small
predictive signatures contained in the metagene.

Some metagenes recur consistently across different cancers, while
others are particular to a cancer or set of cancers. This was to be
expected; the point is that the algorithm can find them mathematically.
These metagenes represent factors that differentiate the nature of the
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tumor, either in terms of aggressiveness or patient response. (Other
methods can be used to distinguish tumor profiles from normal ones.)
Recognizing the biological processes corresponding to each metagene
can help us understand the functioning of the tumor.

The signatures derived from the metagenes indicate the effect of
those metagenes on the progress of the disease, such as survival time.
In some cases, signatures could potentially be used as biomarkers to
guide treatment.

Analysis of mRNA expression data paints a broad picture of tumor
biology. The LUST algorithm can be applied to combinations of mRNA
expression, microRNA, methylation, or other continuous data. Other
methods may be more appropriate for binary data, such as mutations.
For studies aimed at finding the mutations driving oncogenesis and
proliferation across multiple cancers, see [6, 9, 10, 35].

12. Appendix 1: Eigen-survival analysis

We want to measure the expression level for a given signature in a
way that can be tied to survival. This measure should provide a score
which will divide the patients into high-risk and low-risk groups, or
place them on a scale according to risk. There are several options, but
we use the following eigen-signature scheme [25].

Let M be the expression matrix for the signature, with rows cor-
responding to the variables in the signature and columns to patients.
Write the singular value decomposition of M in the outer product form

M =
r∑
i=1

σiuiv
T
i .

Each right singular vector vi is then tested for association with the
survival data using Kaplan-Meier (KM) analysis with log-rank testing,
and Cox regression modeling with age as a covariate. To accomplish
this, we interpret the components of vi as “predictive scores” for each
patient and sort the patients by this score to identify those that fell in
the top and bottom quartiles of scores. A given vi was called significant
if and only if differences in survival between patients in top and bottom
quartiles based on vi are significant in both the KM and Cox regression
models with a p-value of 0.05 or less. Given that at least one such vi
exists, we define

B = {j |vj is significant in both the KM and Cox models},
U = {uj | j ∈ B},
V = {vj | j ∈ B}.
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Then we take the predictive vector to be a linear combination of the
vectors in V ,

w =
∑
j∈B

sign(j)σjvj

where sign(j) = ±1 was chosen so that w is significantly associated
with survival in both the KM and Cox regression models. (Note that
the singular value decomposition is determined only up to a choice
of sign. In the linear combination for the predictive vector, the signs
should be chosen so that they associate with survival in the same way,
e.g., the top quartile should associate with longer survival for each j.)
To extract the predictive vector from the SVD, we compute

wT =
∑
j∈B

sign(j)uTj M

or equivalently

w =
∑
j∈B

sign(j)MTuj.

In other words, the j-th entry of the predictive vector vector w, as-
sociated with survival of the j-th patient, is the dot product of the
j-th column of M, which consists of the measurements of the vari-
ables in the signature for that patient, with the weighting vector z =∑

j∈B sign(j)uj. This provides a “score” for each sample, viz., for pa-
tient j the score is the j-th entry of w.

To compute a predictive score for a set of new patients not included
in the original samples, let M′ be a matrix with columns that represent
expression values of the signature variables for those patients. Then
form the predictive vector

w′ =
∑
j∈B

sign(j)(M′)Tuj

which transforms the columns of the matrix M′ into a vector of pre-
dictive scores for these patients. If KM and Cox regression analysis
indicates that w′ is associated with overall survival, then we conclude
that the signature is a robust predictor of survival that is capable of
generalizing to new patients that were unseen during discovery.

13. Appendix 2: Metagene lists

Below are lists of the genes in each of our major metagenes. The
genes vary slightly from cancer to cancer. In each case, a large version
of the metagene is given, so that most of the genes in another version
will be contained in it.
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Metagene A. The genes in metagene A regulate immune response.
This metagene occurs in all cancers.

Bladder cancer version: ACAP1, AIF1, ALOX5AP, AMICA1, AOAH,
ARHGAP9, BCL2A1, BIN2, BTK, BTLA, C1QA, C1QB, C1QC, C1orf162,
C3AR1, C5AR1, CCL4, CCR2, CCR5, CD14, CD163, CD209, CD247,
CD27, CD2, CD300C, CD300LF, CD33, CD37, CD3D, CD3E, CD3G,
CD48, CD4, CD52, CD53, CD5, CD6, CD7, CD84, CD86, CD8A,
CLEC4E, CMKLR1, CSF1R, CSF2RB, CST7, CTLA4, CXCR3, CXCR6,
CXorf21, CYBB, CYTH4, CYTIP, DOCK10, DOCK2, DOK2, EVI2A,
EVI2B, FAM20A, FCER1G, FCGR1A, FCGR1B, FCGR1C, FCGR2A,
FCGR3A, FERMT3, FGL2, FPR1, FPR3, FUT7, FYB, GBP5, GPR171,
GRAP2, GZMA, GZMB, GZMH, GZMK, GZMM, HAVCR2, HCK,
HCST, HK3, HLA-DMB, HLA-DPA1, HLA-DPB1, HLA-DQA1, HLA-
DRA, ICOS, IFI30, IGSF6, IKZF1, IL10RA, IL12RB1, IL21R, IL2RA,
IL2RB, IL2RG, IRF4, IRF8, ITGAL, ITGAM, ITGAX, ITGB2, ITK,
JAKMIP1, KLHL6, KLRD1, KLRK1, LAG3, LAIR1, LAT2, LAX1,
LCK, LCP2, LILRA6, LILRB1, LILRB2, LILRB3, LILRB4, LOC100188949,
LRRC25, LST1, LTA, LTB, LY9, LYZ, MAP4K1, MNDA, MPEG1,
MRC1, MS4A4A, MS4A6A, MSR1, MYO1F, MYO1G, NCF1B, NCF1C,
NCF1, NCF2, NCKAP1L, NFAM1, NKG7, P2RY10, PARVG, PDCD1LG2,
PDCD1, PIK3AP1, PIK3R5, PILRA, PLEK, PRF1, PSTPIP1, PTPN22,
PTPN7, PTPRCAP, PTPRC, PYHIN1, RASAL3, RCSD1, RHOH,
RNASE6, SAMD3, SAMSN1, SASH3, SCML4, SELPLG, SH2D1A,
SIGLEC10, SIGLEC1, SIGLEC7, SIGLEC9, SIRPG, SIT1, SLA2, SLAMF1,
SLAMF6, SLAMF8, SLA, SLC7A7, SLCO2B1, SNX20, SPI1, SPN,
SRGN, TBC1D10C, TBX21, TBXAS1, TFEC, THEMIS, TIFAB, TIGIT,
TLR8, TMEM150B, TNFAIP8L2, TNFSF13B, TRAF3IP3, TRAT1,
TYROBP, UBASH3A, VSIG4, WAS, WDFY4, ZAP70, ZNF831.

Sometimes metagene A splits into two or three parts. This is illus-
trated in ovarian cancer. (See the discussion in Section 7.)

Ovarian cancer, metagene A1: ACAP1, CCL5, CCR2, CCR5, CD247,
CD2, CD3D, CD3E, CD3G, CD48, CD5, CD7, CD8A, CD96, CST7,
CTLA4, CTSW, CXCR3, CXCR6, EOMES, FASLG, FYB, GPR171,
GPR174, GRAP2, GZMA, GZMH, GZMK, GZMM, ICOS, IL12RB1,
IL21R, IL2RB, IL2RG, ITGAL, ITK, KIAA0748, KLRB1, KLRK1,
LY9, NKG7, P2RY10, PDCD1LG2, PRF1, PTPRCAP, PTPRC, PY-
HIN1, RASAL3, RHOH, SAMD3, SH2D1A, SIRPG, SIT1, SLA2, SLAMF1,
SLAMF6, SLAMF7, SLAMF8, SNX20, TBX21, THEMIS, TIGIT, TLR8,
TRAF3IP3, TRAT1, ZAP70.

(Other genes showing up in metagene A1 for other cancers include
C16orf54, CD27, CD52, CD69, CD6, CD8B, GBP5, IRF4, LCK, MAP4K1,
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PRKCQ, RLTPR, RUNX3, SASH3, TBC1D10C, UBASH3A, ZBP1,
ZNF831.)

Ovarian cancer, metagene A2: ABI3, ADAP2, AIF1, ALOX5AP,
AOAH, APBB1IP, ARHGAP15, ARHGAP30, ARHGAP9, ARHGEF6,
BIN2, BTK, C12orf59, C17orf87, C1QA, C1QB, C1QC, C1orf162,
C3AR1, CCR1, CCR5, CCRL2, CD14, CD163, CD180, CD300A, CD300C,
CD300LF, CD33, CD37, CD48, CD4, CD53, CD68, CD84, CD86,
CLEC4A, CLEC7A, CSF1R, CSF2RA, CSF2RB, CXorf21, CYBB,
CYTH4, DOCK10, DOCK2, DOK2, EMR2, EPB41L3, EVI2A, EVI2B,
FCER1G, FCGR1A, FCGR1B, FCGR1C, FCGR2A, FCGR2B, FCGR2C,
FCGR3A, FERMT3, FGL2, FPR3, FYB, GAB3, GAL3ST4, GIMAP1,
GIMAP4, GNA15, GPR183, GPR34, GPR65, GPR84, HAVCR2, HCK,
HCLS1, HCST, HK3, IGSF6, IKZF1, IL10RA, IL12RB1, IRF8, IT-
GAL, ITGAM, ITGAX, ITGB2, KIAA0748, LAIR1, LAPTM5, LAT2,
LCP2, LILRB1, LILRB2, LILRB4, LRRC25, LSP1, LST1, LY86, MNDA,
MPEG1, MS4A4A, MS4A6A, MSR1, MYO1F, NCF1, NCF2, NCF4,
NCKAP1L, NFAM1, NLRP3, NPL, OLR1, PIK3CG, PIK3R5, PLEK,
PTPN22, PTPN7, PTPRC, RASAL3, RCSD1, RNASE6, SAMSN1,
SASH3, SELPLG, SIGLEC10, SIGLEC7, SIGLEC9, SIRPB2, SLA,
SLC37A2, SLC7A7, SLCO2B1, SNX20, SPI1, STX11, TAGAP, TBXAS1,
TFEC, TLR2, TLR4, TLR7, TLR8, TNFAIP8L2, TNFSF13B, TREM2,
TYMP, TYROBP, VSIG4, WAS.

(Other genes showing up in metagene A2 for other cancers include
C1orf38, CD74, CMKLR1, CORO1A, COTL1, GPNMB, GPSM3, PIK3CD,
PLCB2, RAC2, RUNX3, SYK, UCP2, VAV1.)

Ovarian cancer, metagene A3 (combined with A2 in some cancers):
CD74, HLA-DMA, HLA-DMB, HLA-DPA1, HLA-DPB1, HLA-DRA,
HLA-DRB1.

Metagene B. The genes in metagene B regulate cell division and the
mitotic cell cycle. This metagene is found in liver, kidney, pancreatic
and prostate cancer.

Liver cancer (HCC) version: ANLN, ARHGAP11A, ASF1B, ASPM,
AURKB, BIRC5, BUB1B, BUB1, C15orf42, C16orf59, C16orf75, CCNA2,
CCNB1, CCNB2, CCNF, CDC20, CDC25A, CDC25C, CDC45, CDC6,
CDCA2, CDCA3, CDCA5, CDCA8, CDK1, CDKN3, CDT1, CENPA,
CENPE, CENPF, CENPI, CENPK, CENPM, CEP55, CHAF1B, CKAP2L,
CLSPN, DEPDC1B, DEPDC1, DLGAP5, DTL, E2F1, E2F2, E2F8,
ECT2, EPR1, ERCC6L, EXO1, FAM72B, FAM72D, FANCD2, FANCI,
FOXM1, GINS1, GTSE1, HELLS, HJURP, KIAA0101, KIAA1524,
KIF11, KIF14, KIF15, KIF18A, KIF18B, KIF20A, KIF23, KIF2C,
KIF4A, KIFC1, LMNB1, MCM10, MCM2, MELK, MKI67, MYBL2,
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NCAPG, NCAPH, NDC80, NEK2, NUF2, NUSAP1, ORC1L, ORC6L,
PBK, PIF1, PKMYT1, PLK1, POLQ, PRC1, PTTG1, RAD51AP1,
RAD51, RAD54L, RRM2, SGOL1, SHCBP1, SKA1, SKA3, SPC25,
STIL, TACC3, TK1, TOP2A, TPX2, TRIP13, TROAP, TTK, TYMS,
UBE2C, UHRF1, WDR62, XRCC2, ZWINT.

Metagene C. The genes in metagene C are associated with the ex-
tracellular matrix, collagen process and cell adhesion. This metagene
occurs in all cancers.

Bladder cancer version: ACTA2, ADAM12, ADAMTS12, ADAMTS16,
ADAMTS2, AEBP1, ALDH1L2, ANGPTL2, ANXA6, APCDD1L, ARSI,
ASPN, BGN, BNC2, C1S, CALD1, CCDC80, CCL11, CD248, CDH11,
CHRDL2, CLEC11A, COL10A1, COL11A1, COL15A1, COL1A1, COL1A2,
COL3A1, COL5A1, COL5A2, COL5A3, COL6A1, COL6A2, COL6A3,
COL8A1, COL8A2, COLEC12, COMP, CPXM1, CTGF, CTHRC1,
CTSK, DACT1, DCN, DDR2, DPT, EDNRA, EMILIN1, FAM180A,
FAP, FBN1, FCGR2A, FGF7, FIBIN, FMO1, FMOD, FN1, FNDC1,
GAS1, GFPT2, GLI2, GLT8D2, GPC6, GPR124, GREM1, GXYLT2,
HEPH, HS3ST3A1, HTRA3, INHBA, ISLR, ITGA11, ITGA5, IT-
GBL1, KCNE4, KIAA1755, LAMA4, LOC399959, LOX, LRRC32,
LUM, MFAP5, MFRP, MOXD1, MRC2, MSRB3, MXRA8, NID2,
NNMT, NRP2, NTM, ODZ3, OLFML1, OLFML2B, OLFML3, P4HA3,
PCOLCE, PDGFRB, PDLIM3, POSTN, PRRX1, PXDN, RARRES2,
RSPO3, SCARF2, SERPINF1, SFRP2, SFRP4, SGCD, SPARC, SPON2,
SSC5D, SULF1, TAGLN, TGFB3, THBS1, THBS2, THY1, TIMP2,
TNFAIP6, VCAN, WISP1, WNT2, ZNF469.

Metagene D. These genes are associated with protein kinase activ-
ity, metal ion binding and DNA transcription regulation. Metagene D
occurs with liver, kidney, bladder, women’s reproductive and prostate
cancers.

Kidney renal clear cell carcinoma (KIRC) version: ANKRD36BP1,
APOOL, ASXL2, ATE1, BRWD3, C10orf118, C1orf58, C6orf204, C9orf102,
C9orf41, CCNT1, CDKL5, CLOCK, DDI2, DGKH, DPP8, ELK4,
ETV3, EXOC6B, EYA3, FAM168A, FAM63B, GTF2A1, GTF3C4,
HIPK3, IL6ST, IPMK, KIAA0754, KLHL11, LATS1, LCOR, LM-
BRD2, LMTK2, LNPEP, MAN1A2, MAN2A1, MAP3K2, MARCH8,
MGAT5, MYO9A, N4BP2, NBEAL1, NCOA2, NHLRC2, PAFAH1B2,
PANK3, PARD3B, PDZD8, PRKAR2A, PTPLB, RAD54L2, RAL-
GAPA2, RAPGEF6, RC3H2, REL, REST, RGP1, RIF1, RNF168,
SBNO1, SERINC5, SGK196, SHPRH, SLC30A4, SOCS7, STRN, TAOK1,
TGFBRAP1, TRIM44, TTBK2, UBXN7, UHMK1, USP12, ZBTB37,
ZDHHC20, ZNF192, ZNF699.
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Metagene E. These genes regulate lipid and small molecule metabo-
lism. Metagene E occurs in the liver cancers.

Cholangiocarcinoma version: A1BG, ABCB4, ACOT12, ACSM5,
ADH4, ADRA1A, AFM, AGXT2L1, AGXT, AHSG, AKR1D1, AL-
DOB, APOA1, APOA5, APOC1P1, APOC2, APOC3, APOC4, APOF,
AQP9, ARG1, ASPDH, ASPG, BHMT, C14orf180, C14orf68, C22orf45,
C9, CA5A, CCL16, CD5L, CDO1, CFHR2, CFHR3, CFHR4, CFHR5,
CHRNA4, CLEC4G, CLEC4M, CPN2, CPS1, CRHBP, CRYAA, CYP1A1,
CYP1A2, CYP2A6, CYP2A7, CYP2E1, CYP3A4, CYP4A22, CYP8B1,
DAO, DPYS, ENPP7, F13B, F9, FAM99A, FCN2, FGF21, GBP7,
GCGR, GDF2, GLYAT, GYS2, HAMP, HAO1, HAO2, HEPN1, HFE2,
HPR, HPX, HP, HRG, HSD17B13, HSD17B6, HULC, ITIH3, KMO,
LECT2, LOC55908, LPA, MASP2, MBL2, MFSD2A, MOGAT2, MPPED1,
MT1H, MTTP, NAT2, OIT3, OTC, PCK1, PFKFB1, PLA2G12B,
PLG, PRG4, PROZ, PZP, RDH16, RTP3, SAA1, SAA2, SAA4, SER-
PINC1, SLC10A1, SLC13A5, SLC22A10, SLC22A1, SLC22A25, SLC22A7,
SLC27A5, SLC38A4, SPP2, SRD5A2, SULT2A1, TAT, TF, THRSP,
TMSB4Y, TTC36, UGT2B10, UPB1, UROC1, ZG16.

Metagene G. This metagene shows up only in prostate cancer here,
but is associated with breast, lung, tongue and other cancers (Gene-
Analytics).

Prostate version: CDH22, CHP2, COL17A1, CPA6, CYP4B1, DLK2,
DUOX1, DUOXA1, FLRT3, GATA3, GJB3, GJB5, GPR172B, GPR87,
HOXD11, KRT15, KRT17, KRT5, LAMB3, LOC642587, NRG2, NTF4,
S100A14, SLC14A1, TMEM40, TNS4, TP63, TRIM29, TRPV4, WFDC2,
WNT3A.

Metagene I. This metagene is unique to pancreatic cancer. Its genes
regulate synaptic transmission, insulin secretion and digestion.

Pancreatic version: ABCC8, ACTL6B, ADCYAP1, ANKRD34C,
AP3B2, APOH, ATCAY, ATRNL1, BEX1, BMP5, C19orf30, C1QL1,
C1orf127, C7orf52, CABP7, CACNA1B, CACNA2D2, CADPS, CALY,
CAMK2B, CDH10, CDH22, CDK5R2, CELF3, CELF4, CFC1B, CHGA,
CHGB, CHRNB2, CLGN, CPLX2, CRYBA2, DCX, DDX25, DPP6,
DUSP26, ELAVL4, ERO1LB, FAM123C, FAM135B, FEV, FFAR1,
FLJ43390, FMN2, FSTL5, G6PC2, GABRG2, GAD2, GCK, GJD2,
GLRA3, GNG4, GPR119, GRIA2, GRM4, HMGCLL1, HS6ST3, INA,
INSM1, KCNB2, KCNC1, KCNH6, KCNJ11, KCNK16, KCNK3, KC-
NMB2, KCNQ2, KIAA1409, KIF1A, KIF5C, LGI3, LHFPL4, LMO1,
LOC642597, LRRTM3, LRRTM4, MAP2, MAP3K15, MARCH4, MTUS2,
MYT1L, NEURL, NEUROD1, NKX2-2, NKX6-1, NOL4, NPTX2,
NR0B1, NRSN1, OGDHL, PAX6, PCSK1, PCSK2, PLCXD3, PPM1E,
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PPP1R1A, PTPRN, RASGRF1, RFX6, RIMBP2, RTN1, RUNDC3A,
RXRG, SCG2, SCG3, SCG5, SCGN, SCRT1, SCRT2, SERPINA10,
SEZ6L, SEZ6, SH3GL2, SLC16A12, SLC17A6, SLC29A4, SLC30A8,
SLC4A10, SLC6A17, SLC6A4, SLC7A14, SLC8A2, SLIT1, SNAP25,
SNAP91, SSTR3, SST, ST18, STXBP5L, SVOP, SYP, SYT4, SYT7,
TAGLN3, TCERG1L, TMEM132D, TMEM179, TMEM196, TMEM63C,
UCN3, UNC13A, UNC80, VGF, VWA5B2.

Metagene J. Like metagene I, these genes for pancreatic cancer are
related to synaptic transmission, insulin secretion and digestion.

Pancreatic version: AMY2A, AQP12B, AQP8, CELA2A, CELA2B,
CELA3A, CELA3B, CELP, CEL, CLPS, CPA1, CPA2, CPB1, CTRB1,
CTRB2, CTRC, CTRL, CUZD1, ERP27, GP2, GSTA2, KLK1, PDIA2,
PLA2G1B, PNLIPRP1, PNLIPRP2, PNLIP, PRSS1, PTF1A, RBPJL,
REG1B, REG1P, REG3A, REG3G, SERPINI2, SLC30A2, SLC38A3,
SYCN, TRIM50, TRY6.

Metagene K. Metagene K shows up with kidney, colorectal and prostate
cancers.

Kidney renal clear cell carcinoma (KIRC) version: ABCA10, ACCN3,
AFG3L1, AGAP11, AGAP4, AGAP6, AGER, AHSA2, AMY2B, ANKRD36,
AP1G2, APBB3, ARGLU1, ARHGAP33, ATAD3B, ATG16L2, ATHL1,
ATP2A1, AVIL, C16orf79, C17orf56, C19orf36, C1orf104, C1orf63,
CCDC154, CCDC57, CCDC84, CCNL2, CDK3, CELF6, CENPT, CG030,
CHKB-CPT1B, CPT1B, CROCCL1, CROCCL2, CRYGS, CSAD, CYP2D6,
CYP2D7P1, CYP2E1, DDX12, DMTF1, DNAH1, DNHD1, EME2,
ENGASE, EP400NL, FAM13AOS, FAM156A, FAM193B, FER1L4,
FLJ45340, FNBP4, GABBR1, GIGYF1, GNRH1, GOLGA2B, GOLGA6L10,
GOLGA6L5, GOLGA6L9, GOLGA8A, GOLGA8B, GSDMB, HERC2P2,
HSD17B3, HSF4, HSPA7, INE1, JMJD7-PLA2G4B, KAT2A, KCNAB3,
KIAA0895L, KIAA0907, KIAA1875, KIFC2, KLHL17, L3MBTL, LCAT,
LENG8, LOC100128675, LOC100128842, LOC100130557, LOC100131434,
LOC100132247, LOC100132287, LOC100133161, LOC100133331, LOC100190986,
LOC100272228, LOC146880, LOC150776, LOC221442, LOC338799,
LOC440944, LOC619207, LOC642846, LOC728264, LOC90834, LOC91316,
LPIN3, LTB4R2, LTB4R, LUC7L3, LUC7L, LY6G5B, MALAT1, MAMDC4,
MAPK8IP3, MDM4, MSH5, MTMR9L, MYH3, MZF1, NCRNA00105,
NCRNA00115, NCRNA00173, NCRNA00174, NCRNA00201, NCRNA00202,
NEAT1, NKTR, NPFF, NPIPL3, NSUN5P1, NSUN5P2, OGT, PABPC1L,
PAQR6, PDXDC2, PILRB, PLA2G6, PLEKHM1P, PNPLA7, PPIEL,
PRRT2, RBM6, RNF207, RNPC3, RPL32P3, RUNDC2C, SCNN1D,
SEC31B, SERINC4, SFRS11, SFRS16, SFRS18, SLC25A27, SNRNP70,
SPTBN5, STAG3L3, SULT1A3, TAF1C, TBC1D3B, TBC1D3, TCTE3,
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TIA1, TNFRSF25, TRPV1, TSSK3, TTC14, TTLL3, TUBGCP6,
UBE2Q2P1, UBXN11, WASH7P, WDR27, WDR52, WSB1, YJEFN3,
ZMAT1, ZNF276, ZNF37B, ZNF692, ZNF767, ZNF83.

Metagene L. This small metagene is associated with liver, kidney,
stomach, colorectal and bladder cancers.

Bladder cancer version: CYorf15A, CYorf15B, DDX3Y, EIF1AY,
KDM5D, NCRNA00185, NLGN4Y, PRKY, RPS4Y1, TMSB4Y, TTTY15,
USP9Y, UTY, ZFY.

Metagene M. This metagene is associated with cervical and bladder
cancer.

Cervical cancer version: A2ML1, ANXA8L2, ANXA8, BNC1, C3orf54,
CALML3, CAPNS2, CLCA2, CSTA, DENND2C, DSC3, DSG3, FAM83C,
FAT2, FOXN1, GBP6, GJB5, GNA15, GPR109A, GPR109B, GPR115,
GPR87, GRHL3, GSDMC, HES2, IL20RB, IVL, KRT16, KRT5, KRT6A,
KRT6B, KRT6C, LASS3, LGALS7B, LGALS7, LOC642587, LYPD3,
P2RY1, PKP1, PLAC2, PLCH2, RHCG, S100A2, S1PR5, SERPINB13,
SERPINB5, SFN, SNAI2, SOX15, SOX7, TGM1, TMEM40, TMEM79,
TP63, VSNL1, ZNF750.

Metagene N. This is the strongest group of genes for uterine sarcoma.
Uterine sarcoma version: A2BP1, ABRA, ACTA1, ACTC1, ACTN2,

ACTN3, AKNAD1, AMPD1, APOBEC2, APOL5, ARPP21, ASB4,
ASB5, ATP1B4, ATP2A1, BEST3, C10orf71, C1orf105, C20orf200,
C6orf142, CACNA1S, CACNG1, CAMK2A, CASQ2, CAV3, CCDC141,
CDH15, CHRND, CHRNG, CKM, COX6A2, CSRP3, DES, DHRS7C,
DUSP13, DUSP27, EBF3, ENO3, FBP2, FITM1, GJD2, GJD4, HFE2,
HSPB2, HSPB3, HTR3E, IL17B, ITGB1BP2, ITGB1BP3, KBTBD10,
KBTBD5, KCNA7, LDB3, LMOD2, LMOD3, LOC339240, LRRC30,
LRTM1, MSTN, MUSK, MYBPC1, MYBPC2, MYBPHL, MYBPH,
MYF5, MYF6, MYH2, MYH3, MYH4, MYH7B, MYH7, MYH8, MYL1,
MYL2, MYL3, MYL4, MYLPF, MYO18B, MYOD1, MYOG, MYOM1,
MYOT, MYOZ2, MYPN, MYT1L, NEB, NNAT, NPY6R, PAX7, PITX3,
PRKAG3, RAPSN, RBM24, RYR2, SGCA, SHD, SLN, SMPX, SMTNL1,
SMYD1, SOX8, SRL, SRPK3, STAC3, SYNPO2L, SYPL2, TCAP,
TMEM8C, TNNC1, TNNC2, TNNI1, TNNI2, TNNT2, TNNT3, TRDN,
TRIM55, TRIM63, TRIM72, TTN, UNC45B, UTS2R, VGLL2, XIRP1,
XIRP2.

Metagene O. This is the second strongest group of genes for uterine
sarcoma.

Uterine sarcoma version: AGR2, AGR3, ALDH3B2, ANXA3, AP1M2,
ARHGAP8, ATP10B, ATP8B1, B3GNT3, C19orf21, C1orf116, C1orf172,
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C1orf210, C20orf151, C2orf54, CBLC, CCDC64B, CDCP1, CDH1,
CDH3, CDH6, CLDN3, CLDN4, CLDN7, CRB3, CX3CL1, DSC2,
DSP, ELF3, EPCAM, EPHA1, EPN3, EPS8L1, EPS8L2, ESRP1, F11R,
F2RL1, FAM83B, FAM83E, FOXQ1, FXYD3, GALNT3, GGT6, GPR56,
GRB7, GRHL2, HPN, ILDR1, KRT18, KRT19, KRT7, KRT8, LAD1,
LSR, MACC1, MAL2, MAP7, MARVELD2, MARVELD3, MFSD6L,
MYO5B, OR7E91P, OVOL1, OVOL2, PAX8, PCDH1, PKP3, PLCH1,
PPL, PROM2, PRR15L, PRR15, PRSS22, PRSS8, PVRL4, RAB25,
RASAL1, RBM47, RGL3, RIPK4, S100A14, SCNN1A, SEMA4A, SLC44A4,
SPINT1, SPINT2, ST14, ST6GALNAC1, STX19, TACSTD2, TJP3,
TMC4, TMEM125, TMEM139, TMPRSS2, TMPRSS4, TTC22, VGLL1,
VTCN1.

Metagene P. This metagene is unique to bladder cancer.
Bladder cancer version: ACER2, ACOXL, AGAP11, ATP1A4, BCAS1,

BMP3, BTBD16, C10orf116, C17orf28, CAB39L, CACNA1D, CAPN5,
CASQ1, CNGA1, CXorf57, CYP4B1, CYP4F12, CYP4F22, DEGS2,
DHRS2, FAM174B, FAM3B, FBP1, FER1L4, FLJ45983, FMO9P, FREM2,
FUT9, GATA3, GGT6, GPR160, HMGCS2, HNF1B, HPGD, KL-
HDC7A, KSR2, LOC100144604, LOC100188947, LOC149134, LRFN2,
MFAP3L, MSX2, MYCL1, OR7E91P, PLA2G2F, PLIN5, PPARG,
PPFIBP2, PSCA, REEP6, RHBG, RHOU, RNF128, S100P, SCNN1B,
SCNN1G, SCUBE2, SEMA5A, SLC14A1, SLC30A2, SLC9A2, SLC9A4,
SNCG, SNX31, SPINK1, TBX2, TBX3, TMPRSS2, TOX3, UPK1A,
UPK2, UPK3A, VGLL1, VIPR1, VSIG2, ZNF737.

Metagene R. This metagene is unique to stomach cancer.
Stomach cancer version: ABCA8, ABCC9, ABI3BP, ACTA2, ACTG2,

ADAM33, ADCY5, AKT3, ANGPTL1, ANGPTL2, ANK2, ANTXR1,
AOC3, ASAM, ASB2, ASB5, ASPN, ATP1A2, ATP8B2, BARX1,
BHMT2, BNC2, BOC, C10orf72, C14orf132, C20orf200, C2orf40, C6orf186,
C7orf58, C7, C9orf4, CADM3, CALD1, CASQ2, CCDC80, CCDC8,
CCL19, CDO1, CHRDL1, CHRDL2, CHRM2, CILP, CLIP3, CNN1,
COL14A1, CPXM2, CRTAC1, CRYAB, CYBRD1, CYP1B1, DAAM2,
DACT3, DCLK1, DCN, DDR2, DES, DLG2, DNAJB5, DPYSL3, DZIP1,
ECM2, EDNRA, EFEMP1, EFEMP2, EFS, EMILIN1, EML1, EPHA7,
FAM107A, FBN1, FERMT2, FGF7, FGFR1, FHL1, FILIP1, FLNA,
FLNC, FLRT2, FOXP2, FRMD6, FSTL1, FXYD6, GEFT, GHR,
GLI3, GLT8D2, GNAO1, GPRASP1, GRIK5, GUCY1A3, GUCY1B3,
HAND2, HSPB6, HSPB7, HSPB8, IGF1, INMT, JAM2, JAM3, JPH2,
KANK2, KCNB1, KCNMA1, KCNMB1, KIAA0408, LDB3, LDOC1,
LGI2, LHFP, LIMS2, LMO3, LMOD1, LOC399959, LOC572558, LOC728264,
MAMDC2, MAP1A, MAP1B, MAP6, MAPK10, MEF2C, MEOX2,
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MGP, MN1, MOXD1, MPDZ, MRGPRF, MRVI1, MSRB3, MXRA8,
MYH11, MYL9, MYLK, MYOCD, MYOC, NBLA00301, NDN, NEGR1,
NEXN, NFASC, NGFR, NRK, NRXN1, NXPH3, OGN, OMD, PCDH10,
PDE1A, PDE3A, PDLIM3, PDZD4, PDZRN4, PEG3, PGM5, PLIN4,
PLN, PLP1, PLXNA4, PODN, PPP1R12B, PRELP, PRICKLE2, PRUNE2,
PTGER3, PTGIS, PYGM, RAB31, RBPMS2, RCAN2, RECK, RGMA,
RNF150, RUNX1T1, SCARF2, SCN2B, SCN7A, SCRG1, SDPR, SETBP1,
SFRP1, SGCA, SGCD, SLIT2, SLIT3, SLITRK5, SMOC2, SMYD1,
SORBS1, SPARCL1, SSC5D, STON1, SVEP1, SYNC, SYNE1, SYNM,
SYNPO2, SYT11, TACR2, TAGLN, TCEAL2, TGFB1I1, THBS4,
TMEM35, TMEM47, TMTC1, TNS1, TNXB, TPM2, TSPAN2, VIPR2,
ZCCHC24, ZDHHC15, ZEB1, ZFHX4, ZFPM2, ZNF423.

Metagene R also splits into two parts: Submetagene R1 is AKT3,
ASAM, BNC2, C10orf72, CALD1, CDH11, CRISPLD2, DCN, DDR2,
ECM2, EDNRA, FBN1, FBXL7, FGFR1, FSTL1, GLI3, GLT8D2,
GPC6, GUCY1A3, GUCY1B3, JAM3, LAMA4, LHFP, MAP1A, MPDZ,
MSRB3, NAP1L3, NDN, OLFML1, PDGFRB, PDLIM3, RECK, RUNX1T1,
SDC2, SGCD, SSC5D, STON1, SYDE1, TCF4, TSHZ3, VGLL3, ZC-
CHC24, ZFPM2, ZNF423, ZNF521.

Submetagene R2 is ADAMTS12, ADAMTS2, AEBP1, ANTXR1,
BGN, BICC1, BNC2, C10orf72, C1S, CCDC80, CCDC8, CDH11, COL10A1,
COL12A1, COL1A1, COL1A2, COL3A1, COL5A1, COL5A2, COL6A1,
COL6A2, COL6A3, COL8A1, COL8A2, CPZ, CSDC2, CTSK, DCN,
DDR2, EFEMP2, EMILIN1, FAM180A, FAP, FBLN2, FBN1, FIBIN,
FNDC1, FRMD6, FSTL1, GFPT2, GGT5, GLT8D2, GNB4, GPC6,
GREM1, HMCN1, ISLR, ITGA11, ITGBL1, LAMA2, LUM, MFAP5,
MMP2, MXRA8, NAP1L3, OLFML2B, PCOLCE, PLXDC2, PODN,
PRKD1, PRRX1, PTGER3, RAB31, RSPO3, SCARF2, SERPINF1,
SFRP2, SFRP4, SPARC, SPOCK1, SSC5D, SULF1, THBS1, THBS2,
THY1, TIMP2, TIMP3, TMEM119, VCAN, VGLL3, ZEB2. Note that
R2 overlaps with metagene C.

Metagene X1. This small metagene occurs only in KICH.
Kidney chromophobe cancer (KICH) version: CCL21, GJC2, LRRC15,

MAGED4B, MAGED4, MMP17, MMRN1, PDPN, RELN, SCN3B,
SNCB, STAB2, TBX1, TFF3, UNC5A.

Metagene X2. This small metagene is unique to KIRP.
Kidney renal papillary cell carcinoma (KIRP)version: AGMAT, AGXT2,

ANKS4B, AZGP1, CCL14-CCL15, CCL15, CUBN, DAO, DDC, DPYS,
GLYATL1, GPD1, HAO2, KHK, MME, NAT8B, NAT8, PKLR, PRAP1,
RBP5, SLC39A5, SLC7A9, TMEM82.
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Metagene X3. This metagene X3 is associated with liver, kidney,
stomach, colon and bladder cancers.

Kidney renal clear cell carcinoma (KIRC) version: ACVRL1, ADCY4,
ARAP3, ARHGEF15, BCL6B, C20orf160, CALCRL, CD34, CD93,
CDH13, CDH5, CLEC14A, CXorf36, CYYR1, DCHS1, DLL4, EC-
SCR, EFNB2, ELTD1, EMCN, ENG, EPAS1, ERG, ESAM, EXOC3L2,
EXOC3L, FGD5, FLT1, FLT4, GIPC3, GJA1, GPR4, HSPA12B, HSPG2,
JAM3, KANK3, KDR, LDB2, MMRN2, MYCT1, NOTCH4, NOVA2,
PALMD, PCDH12, PDGFD, PLVAP, PODXL, PPAP2A, PTPRB,
RAMP3, RAPGEF4, RASIP1, RHOJ, ROBO4, S1PR1, SCARF1, SH2D3C,
SHE, SLC9A3R2, SPARC, ST6GALNAC3, TEK, TIE1, TIMP3, TMEM204,
USHBP1, VWF.

Metagene X5. This small metagene occurs in colorectal and rectum
cancer.

Rectum cancer version: ASPG, C21orf88, CA1, CA4, CDKN2BAS,
CHGA, CLCA4, CLDN8, GCG, GUCA2B, INSL5, ITLN1, MS4A12,
PYY, SLC4A4, SST, TMIGD1, ZG16.

Metagene X6. This small metagene, which shows up only in cancer
of the rectum, contains genes that regulate the immune system.

Rectum cancer version: AQP9, C19orf59, CXCR1, CXCR2, FCAR,
FCGR3B, FPR1, FPR2, GPR109B, KCNJ15, OSM, SRGN, TREM1.

Metagene X8. This metagene is associated with women’s reproduc-
tive cancers.

Ovarian cancer version: C1orf158, C1orf192, C1orf194, C1orf88, C20orf26,
C20orf85, C2orf39, C5orf49, C7orf57, C9orf171, CAPSL, CCDC135,
CCDC19, CCDC37, DNAI1, ENKUR, FAM183A, FAM81B, ROPN1L,
TEKT1, WDR38, WDR65, YSK4, ZBBX, ZMYND10.

Metagene X9. This metagene is associated with women’s reproduc-
tive cancers.

Ovarian cancer version: AMHR2, ARX, C2orf89, C3orf72, CADPS,
CCDC48, COL2A1, COLEC11, DLK1, EDN3, FOXL2, GATA4, NR5A1,
PTPN5, STAR, TSPAN8 .

Metagene X10. This metagene is associated with women’s reproduc-
tive cancers.

Ovarian cancer version: CMPK2, IFI44L, IFI44, IFI6, IFIH1, IFIT1,
IFIT2, IFIT3, ISG15, LAMP3, MX1, OAS1, OAS2, OAS3, OASL,
RSAD2 .



46 NATION ET AL.

Metagene X11. This is a small metagene that occurs in liver cancer
(HCC) and stomach cancer.

Liver cancer version (HCC): CNTNAP4, COX7B2, CSMD1, CTAG1B,
CTAG2, DCAF4L2, DCAF8L2, FAM133A, LOC100133469, LOC339535,
MAGEA12, MAGEA3, MAGEA6, MAGEC1, MAGEC2, SMEK3P,
SSX1, VCX3A, XAGE1D.

14. Appendix 3: Adjusting p-values for sample size

Figure 16 gives the number of samples used in this study for each
type if cancer.

liver HCC 371

liver CHOL 36

pancreatic 170

kidney KICH 66

kidney KIRC 533

kidney KIRP 290

stomach 415

colon 283

rectum 72

colorectal 263

bladder 408

ovarian 304

uterine  177

uterine sarcoma 57

cervical 304

prostate 492

Figure 16. Number of samples in TCGA mRNA ex-
pression data for each type of cancer.

We would like to compare signatures across cancers, but the p-values
for the Kaplan-Meier curves depend on the number of samples. For this
purpose, we convert the p-values to the value that would be obtained
with 200 samples for a distribution with the same means and standard
deviations for the upper and lower quartiles. It is not hard to write a
program to convert to standardized p-values. Table 1 gives conversions
to this standard for a range of values.
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n� p 1e− 2 1e− 3 1e− 4 1e− 5 1e− 6 1e− 7

50 2.6e− 7 4.7e− 11 7.2e− 15 1.0e− 18 1.3e− 22 1.7e− 26

100 2.7e− 4 3.3e− 6 3.8e− 8 4.2e− 10 4.6e− 12 5.0e− 14

200 1e− 2 1e− 3 1e− 4 1e− 5 1e− 6 1e− 7

300 3.5e− 2 7.2e− 3 1.5e− 3 3.1e− 4 6.5e− 5 1.4e− 5

400 6.9e− 2 2.0e− 2 5.9e− 3 1.8e− 3 5.4e− 4 1.7e− 4

500 1.0e− 1 3.7e− 2 1.4e− 2 5.2e− 3 2.0e− 3 7.7e− 4

Table 1. Table for converting p-values for survival
curves (using quartiles) from n samples to a standard
200-sample value. For example, if the separation with
50 samples has a p-value of .01, then 200 samples with
the same means and standard deviations for both low
and high quartiles would have a p-value approximately
2 × 10−7. On the other hand, a p-value of .01 on 500
samples would be equivalent to 0.1 on 200 samples. By
converting to a standard size, we can compare separation
p-values (and by extension Fisher scores) for signatures
from data sets with different numbers of samples.

Based on the table, one can see that a good estimate can be obtained
using the formula

(†) p200 = qns
− log10 p
n

with the values of qn and sn provided in Table 2.

n qn sn

50 1.28 1.54e− 4

100 2.15 1.15e− 2

200 1 0.1

300 0.820 0.206

400 0.760 0.297

500 0.735 0.371

Table 2. Parameter values for formula (†) to convert
p-values to a standardized value for 200 samples.
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[15] Hájek, P., Feglar, T., Rauch, J., Coufal, D.: The GUHA Method, Data Prepro-
cessing and Mining, Dababase Support for Data Mining Operations. Springer,
New York (2004).

[16] Kim, S.E., Paik, H.Y., Yoon, H., Lee, J.E., Kim, N., Sung, M.K.: Sex- and
gender-specific disparities in colorectal risk. World J. Gastroenterol. 21(17),
5167–5175 (2015), doi: 10.3748/wjg.v21.i17.5167.



ANALYSIS OF mRNA EXPRESSION DATA 49

[17] Lancichinetti, A., Fortunado, S.: Community detection algorithms: a compar-
ative analysis. Physical Review E, 80(5):056117 (2009).

[18] Llovet, J., Zucman-Rossi, J., Pikarsky, E., Sangro, B., Schwarz, M., Sherman,
M., Gores, G.: Hepatocellular carcinoma. Nat. Rev. Dis. Primers (2016 Apr
14), doi: 10.1038/nrdp.2016.18.

[19] Lucca, I..F, Klatte, T., Fajkovic, H., de Martino, M., Shariat, S.E.: Gender
differences in ncidence and outcomes of urothelial and kidney cancer. Nature
Reviews Urology 12, 585—592 (2015), doi:10.1038/nrurol.2015.232

[20] Meng, X., Huang, Z., Teng, F., Xing, L., Yu, J.: Predictive biomarkers in
PD-1/PD-L1 checkpoint blockade immunotherapy. Cancer treatment reviews
41, 868–876 (2015); doi: 10.1016/h.ctrv.2015.11.001.

[21] Nation, J.: Identifying stage 1 hepatocellular carcinoma patients with poor
prognosis. Draft available at math.hawaii.edu/∼jb/.

[22] Newman, M.E.J.: Modularity and community structure in networks. Proc. of
the National Acad. of Sciences 103, 8577–8582 (2006).

[23] Newman, M.E.J.: Networks: an introduction. Oxford University Press, Oxford
(2010).

[24] Newman, M.E.J., Girvan, M.: Finding and evaluating community structure in
networks. Physical Review E, 69(2):026113 (2004).

[25] Okimoto, G., Zeinalzadeh, A., Wenska, T., Loomis, M., Nation, J., Fabre,
T., Tiirikainen, M., Hernandez, B., Wong, L., Kwee, S.: The joint analysis
of multiple, high-dimensional data types using sparse matrix factorizations of
rank-1 with applications to ovarian and liver cancer. BioData Mining, 2016,
9:24, doi: 10.1186/s13040-016-0103-7.

[26] Okimoto, G., Wenska, T., Zitello, E.: Warburgian tumors in hepatocellular
carcinoma and cholangiocarcinoma. Preprint.

[27] Rampersaud, E.N., Klatte, T., Bass, G., Patard, J.J., Bensaleh, K., Böhm,
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