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Abstract—With the rapid advancement of biology technology, Problem Description: The problem of Finding Informative

many microarray experiments are conducted towards the same Genes (FIG) from multiple microarray experiments can be
problem of finding informative genes. Therefore, it is important formulated as: Given a pool of n genes G = {g gnt, m
. - s Yn g

to find a set of informative genes integrating multiple microarray . . . .
experiments that achieves maximal consensus. Most previous re- different experiments are conducted to find the informative

searches formulated this problem as a rank aggregation problem. genes for the same task (e.g., the prostate cancer). Each
In this paper, we propose a novel Graph-based Consensus Maxi- experiment is performed on a subset of G and produces a
mization (GCM) model to estimate the conditional probability of ran_king Of the parthlpatlng genes’ in Wthh the top_k genes
each gene being informative, then the genes are ranked by this are deemed to be informative. The goal of the FIG problem is

probability. The estimation of the probabilities is formulated as ¢ bine different . t It d d ki
an optimization problem on a bipartite graph, where the criterion 0 combine ditterent experiment resulls and produce a ranxing

function favors the smoothness of the prediction over the graph of genes that is better than any individual experiment result.
and penalizes deviations from the initial input ranked lists from Because of this problem’s high resemblance with rank
microarray expel‘iments. We solve this prOblem through iterative aggregation or meta_search in text mining and infomlation
propagation of probability estimates among neighboring nodes. oi0v5] area, previous researches approach the FIG problem
In addition, when certain genes have already been identified . > . .

to be informative, it has never been explored in the literature using unsupervised ranl_( aggreggtlo_n [1][7]'. One typical way to
how to take advantage of such information to improve the  formulate the problem is to minimize the distance between the
consensus result. Our proposed GCM model can be naturally  optimal result and the weighted sum of the input experimental
extended to incorporate such information, thus increasing the  results. The distance metric can be Spearman distance [11] or
quality of the predicted result. In the experimental evaluation, Kendall tau distance [12]. This formulation is shown to be NP-

we conducted experiments on the five prostate cancer microarray L. . .
studies. The results showed that our model outperformed other hard [12], thus a number of optimization methods including

baseline methods in finding informative genes. Furthermore, cross entropy and genetic algorithm are proposed.
by adding only one piece of information that some gene is With the development of research and experiments, some

informative, our model yielded a significantly better result. The expressed genes have already been identified to be informative
cxerimens o Gt that he rovesed GO forprosate cncer, ncluing PN [13], AVIACR [14] FASN
multiple microarray exporiments. 8 [15], GUCY1A3 [16], ANK3 [17], STRAI3 [18], CCT2 [18],
CANX [18] and TRAPI1 [18]. Those information is usually
I. Introduction refferred as the side information in Semi—Supervi§ed Learning.
This motivates the problem of Semi-FIG where little work has
As the advancement of microarray analysis technology, been done: given some genes are known to be informative, how
many experiments are conducted to target the same biological ~ to produce a better result by utilizing this side information.
or medical problem. In a typical cancer microarray experi- In this paper, we propose a novel Graph-based Consensus
ment, by comparing gene expression levels between tumor  Maximization (GCM) model to tackle the problems of FIG
and healthy samples, researchers can identify significantly  and Semi-FIG. Instead of directly computing the rank of each
and differentially expressed genes that are informative of the gene as in rank aggregation methods [1][7], we first estimate
cancer. Since those experiments were carried out in different  the conditional probability of a gene being informative in the

laboratories, with different materials and microarray platforms, final result (i.e., being the fop-k genes in the final result), then
there exists certain discrepancy between those results. There- ~ we rank the genes based on this probability. The estimation of
fore, it is of great importance to integrate different experiment  the probabilities is formulated into an optimization problem
results into an outcome that achieves the maximal consensus. on a bipartite graph, where the criterion function favors the
In this paper, we focus on the following problem: smoothness of the prediction over the graph and penalizes
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deviations from the initial input ranked lists from experiments.
We solve this problem through iterative propagation of prob-
ability estimates among neighboring nodes. For the Semi-FIG
problem, our model can be naturally extended to utilize the
side information and produce significantly better results.

We conduct experiments on five microarray studies of
prostate cancer denoted as Luo [3], Welsh [6], Dhana [2],
True [5] and Singh [4]. Two sets of experiments for the FIG
and Semi-FIG problems are conducted, respectively. In the
experiments for the FIG problem, the GCM model is shown
to outperform other rank aggregation baseline methods in
that the prediction of the proposed model contains the most
known informative genes and the average rank of those known
informative genes is the highest. In the Semi-FIG experiments,
we show that by providing the side information that one gene
is informative, our model yields a significantly improved result
over all the results in the FIG experiments. Those encouraging
experimental results demonstrate that our model is effective
and superior in handling the problem of finding informative
genes from multiple microarray experiments.

The major contributions of this paper are

« We propose a novel Graph-based Consensus Maximiza-
tion (GCM) model to solve the problem of Finding
Informative Genes (FIG) from multiple microarray ex-
periments.

It is the first work to investigate the problem of Semi-
FIG: finding informative genes from multiple microarray
experiments with side information. Our GCM model is
naturally extended to utilize the side information and
produces significantly better results.

In the experimental study of five microarray experiments
for prostate cancer, our model is shown to outperform
other baseline methods for the FIG problem and yields
better results when the side information is utilized.

The organization of the paper is as follows: in Section 2
we describe our Graph-based Consensus Maximization model
and propose an iterative algorithm to solve it. The proposed
solution propagates information among neighboring nodes
until stabilization. In Section 3, we discuss how our model
can be naturally extended to utilize the side information. An
extensive experimental study is reported in Section 4 where
benefits of the approach are illustrated in integrating five
microarray studies for prostate cancer. Section 5 discusses the
related work and we conclude our work in Section 6.

II. Graph-based Consensus Maximization Model

Let’s follow the problem description in Section 1: given a
pool of n genes G = {¢1, ..., gn }, m experiments are conducted
to find the informative genes. Each experiment is performed
on a subset of G and produces a ranking of the participating
genes, in which the top-k genes are deemed to be informative.
For each gene g; and a given experiment m;, there are only
three possible cases: 1) g; is deemed to be informative in the
experiment m;; 2) g; is deemed to be uninformative in the
experiment m;; 3) g; is not investigated in the experiment
m;. We can readily view each experiment as a classifier
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Fig. 1: The bipartite graph for the example

for the pool of genes. It classifies the whole pool of genes
into three classes: Informative (I), Uninformative(U) and Not-
experimented (N). Our ambition is to rank the genes based
on their conditional probability of being informative, i.e., in
class 1. Therefore, the problem is turned into estimating the
conditional probability for each gene given m experiments.

A. Model Formulation

Since each experiment classifies the genes into three classes,
we can represent each experiment as three groups. There are
m experiments, so there are 3m groups in total. For each
gene in the pool, given an experiment m;, it must belong
to one of the three groups representing m;. This formulates
a natural bipartite graph representation. We use the following
toy example to illustrate the bipartite graph representation and
the model formulation.

TABLE I: Toy Example

Exp. | #1 | 2 | #3 | # | #5
mi | 1 | 2] 3|56
ms | 2 | 1 | 3 | 4] 5
ms | 4 ] 3 ] 5 | - | -
ma | 3 | 4] 5 | - | -

Suppose we have a gene pool of {1,2,3,4,5,6} and we
conducted 4 experiments, the results are shown as in Table I.
In each experiment, we dictate that the top-2 genes are the
informative genes. Based on our model, the bipartite graph
representation of these 4 experiments are shown in Figure 1.
The group nodes are on the left side and gene nodes are on the
right side. In this bipartite graph, ¢; represents the Informative
class , o the Uninformative class and ¢3 the Not-experimented
class in the experiment m;. Gene g, for instance, belongs to
group t1, t4, tg, t12 because it is Informative in the experiments
my and mo, Not-experimented in the experiments mg and my.

We begin to lay down some notation. The affinity matrix
Ay o of the bipartite graph is defined as a;; = 1 if gene
g; is assigned to the group t; and 0 otherwise, where v =
3 x m is the number of groups. Since we want to estimate the



conditional probability of g; being informative, the conditional
probability is denoted by U, x.. In our model, the conditional
probability of each group is also involved, denoted by Q,«c.
We have

ui = Prob(g; is class z|g;) and g;, = Prob(t; is class z|t;),

Here c¢=3, class z denotes one of the three classes: Informative,
Uninformative and Not-experimented. Also we define the
initial class labels for the groups Y, . as y;. = 1 if the group
t;’s class is z and 0 otherwise.

The intuition behind our model is: a group ¢; corresponds
to class z if the majority of genes in this group belong to class
z, meanwhile a gene corresponds to class z if the majority of
the groups it belongs to correspond to class z. To model such
intuition, we are about to optimize the following criterion:

v (&4 n
minz Z Zaij(qu — uiz)2

j=1z=1i=1

(& C
sty w=1,) gn=1
z=1 z=1

Uiz € {07 1}7‘]]'2 € {Oa 1}a

The criterion in Eq. 1 clearly penalizes the deviation be-
tween genes nodes and group nodes. The objective function
will achieve its minimum when the gene nodes and group
nodes achieve maximal consensus. However, optimization of
the objective function in Eq. 1 is a typical binary integer
programming problem. It is a notorious NP-hard problem as
its decision problem is NP-complete.

To solve this hard problem, we make the following relax-
ations: first we relax u;, and g;, from binary integer to contin-
uous values in [0, 1]. This will enable us to perform gradient
operation. Secondly, as a common technique in the machine
learning community, we add a regularizer to avoid overfitting.
This regularizer also reflects the smoothness assumption that
the final prediction for the groups should not deviate too much
from their original classes. After the two relaxations, Eq. 1 is
turned into the following equation:

O

min J(U, @) = min i i i a;i(q;2 — u;z)?

j=1z=1i=1
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c c
s.t. Zuiz = ]., quz =1
z=1 z=1

Uiy € [07 ]-LQJ'Z S [07 1}7
where « is the parameter that expresses the confidence of our
belief on the initial labels of the group nodes. @}, . and U}, ..
that achieve the minimal value of Eq. 2 are our desired result.
Since the first column of U}, . is the estimated conditional
probability of each gene being informative, we can directly

rank the genes based on this probability.

2
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B. Iterative Algorithm

Since all the variables in Eq. 2 are continues, we can
apply gradient operation to obtain its optimal value. There
are two matrices U and (), we therefore propose to iteratively
solve the problem. At iteration ¢, we fix U, then the Hessian
matrix with regard to () is a diagonal matrix and its diagonal
elements are Z?:l ai; +a > 0, which means it is convex and
vJ(Q,Ut=1) = 0 gives the global minimum of the objective
function in terms of @. Similarly, fixing @ at iteration ¢, we can
verify that the corresponding Hessian matrix is also a diagonal
matrix with entries Y., a;; > 0, therefore we can get the
global minimum of J(Q, U) in terms of U. The following two

equations show such derivations:

Q' = (D, + aK,) Y (ATU"™ ! + aK,Y), 3)

Ut _ D_lAQt,

where Dv diag{(>"1 1 aij)}oxv » Dn
diag{(S!—, aij)}usn:  Kv diag{(S5_y =)} oo
and diag means the diagonal elements of a matrix. D, and
D,, are the normalization factors. K, acts as constraints for
the group nodes. The whole algorithm is shown in Alg. 1:

“4)

Algorithm 1 The GCM algorithm
Input: Ansos Yoxes parameter «, €
Output: Consensus matrix U

Initialize U°, U* randomly;

t=1;

while | U — U™ ||> ¢ do
Q' = (Dy + aK,) " HATU ! + aK,Y);
Ut = D71AQY;
t=t+1;

end while

Output U*

The algorithm depicts the picture that at each iteration, the
conditional probability estimate of group node Q receives the
information from its neighboring gene nodes while not deviat-
ing from its initial value Y. In return, the updated probability
estimates of group nodes propagate the information back to
its neighboring gene nodes. The propagation stops when the
process converges. The process converges to a stationary point.

III. Incorporating Side Information

In recent machine learning and data mining research, side
information, usually in the form of labels or constraints, are
often leveraged to improve the performance of the original
model. We have the similar side information in microarray
experiments for prostate cancer. Over years, researchers have
identified some expressed genes to be informative for prostate
cancer. They are: HPN , AMACR, FASN, GUCY1A3, ANK3,
STRA13, CCT2, CANX and TRAPI. Therefore, we focus on
the Semi-FIG problem in this section and show that our model
can be naturally extended to handle the Semi-FIG problem.



Let n x ¢ matrix F denote side information, where f;, =1
if gene g; is given class z and 0 otherwise. Class z could be
Informative, Uninformative or Not-experimented. Since only
class Informative is valuable in experiments, usually the input
side information is that some gene(s) is informative. Then, we
could modify Eq. 2 into the following:

min J(U, Q) = min Z Z Z a;j(qj> — u;z)?

j=1z=1i=1
+a Z Z(sz - yjz)2
j=1z=1
n ¢ (5)
+ Z Z hi(uiz — fiz)?
=1 z=1

s.t. Zuiz = 1, qu'z =1
z=1 z=1
Uiy € [O: 1]7sz € [07 1]7

where h; = 22:1 fiz- Similar to parameter o, 5 expresses
our confidence on the initial classes of the gene nodes. This
updated criterion captures the side information by enforcing
the constraint that the conditional probability of a gene should
be close to its provided class with the parameter [3.

After adding the side information constraint, the equation
to compute the update of U is changed into the following:

Ut = (D, + BH,) " (AQ' + BH, F), ©6)

H,, = diag{(>_5_, fiz)}nxn. And it is easy to see that the
equation to update Q remains unchanged.

IV. Experimental Evaluation

In this section, we experimentally evaluate our model on the
FIG and Semi-FIG problems on five prostate cancer studies.
We first introduce the five studies and then briefly describe
the baseline methods that we compare. After presenting the
results on the FIG problem, we show that, for the Semi-FIG
problem, by adding small amount of side information, the final
result is significantly improved.

A. Data Sets

We investigate the top-25 ranked genes that were found to be
up-regulated in prostate tumors compared to normal prostate
tissues from five studies: Luo [3], Welsh [6], Dhana [2], True
[5] and Singh [4]. These five studies are very discrepant at
what genes are deemed to be informative. The detailed data
set descriptions can be found in [7].

B. Evaluation Metric

Since we already know that some genes are informative, it is
straightforward to evaluate the result in terms of those ground
truth genes. We propose to evaluate the result by the average
rank of those ground truth genes and also their number of
appearance in the result.
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C. Baseline Methods

Borda Count [10]: Given £ full lists 71, 72, ..., T, Borda’s
method can be thought of as assigning a k-element position
vector to each candidate (the positions of the candidate in
the £ lists), and sort the candidates by the L; norm of these
vectors. There are also other variants of Borda’s count: sorting
by L, norm for p > 1, sorting by the median of the k values,
sorting by geometric mean of the k values, etc. In this paper,
we implemented four variants of Borda count: Borda, (Ly
norm), Bordas (median), Bordas (geometric mean), Borday
(Lo norm).

Markov Chain [1][8]: Markov chains can also be used to
generate the consensus results. The states of the chain corre-
spond to the » genes to be ranked, the transition probabilities
depend in some particular way on the given lists, and the
stationary probability distribution will be used to sort the »
candidates. We implemented three different Markov Chains.

Cross Entropy Monte Carlo (CEMC) [7]: CEMC is one
representative of the typical ways of solving rank aggregation
problem. [7] proposed to employ CEMC method to solve this
optimization problem.

D. Experimental Results and Discussions

We applied all the above baseline methods to the five
prostate cancer studies. Also we applied our GCM model with
parameter o = 2.

Table III shows the results evaluated by the metric we
proposed in this section. If a ground truth gene doesn’t appear
in the result, we assign its rank to be k+/ (26 in this case).
Also we list the evaluation results for the five prostate studies.
As we can see from the result, our GCM model not only
contains the most ground truth genes (ties with Bordas) but
also achieves the best average rank. Borda count methods are
better than Luo, True and Singh’s result but worse than that of
Welsh and Dhana, so do Markov Chain methods. CEMC does
achieve good average rank comparing to Borda and Markov
Chain methods and only inferior to Welsh’s result. The goal
of the FIG problem is to ensemble the inputs and produce
the result that is better than any individual input list. Our
proposed model is the only method to achieve this goal. An
interesting finding is that for the CEMC method, the Spearman
distance with unweighed case achieves the best performance
of all CEMC methods, quite contradictory to the intuition
that weighted case is normally better than unweighed case.
We show the experimental results in details in Table II. We
pick up the variant achieving the best performance from each
baseline method. In this table, the ground truth is in bold.
Borda denotes Bordasz, MC denotes M C'3 and CEMC denotes
CEMC,.

As seen from the results in Table II, Borda successfully
contains 7 ground truth genes but comparing with our results,
CANX, STRA13 and GUCY1A3 rank relatively low, making
its result inferior to ours. In Markov Chain method, the ranking
of CANX and STRA13 is quite close to the result of the GCM,
yet it fails to include GUCY1A3, causing its average rank
lower than ours. CEMC is very good at predicting the rank



TABLE II: Detail Experimental Output

Rank Borda MC CEMC GCM Semi-GCM
1 HPN HPN HPN HPN STRA13
2 AMACR AMACR AMACR GDF15 HPN
3 FASN GDF15 FASN AMACR GDF15
4 GDF15 NMEI1 GDF15 NMEI1 AMACR
5 NME2 FASN NME2 FASN NMEI1
6 SLC25A6 EEF2 UAPI1 KRT18 FASN
7 EEF2 KRT18 OACT2 EEF2 KRT18
8 OACT2 UAPI SLC25A6 ALACM EEF2
9 OGT NME2 KRT18 SND1 OACT2

10 KRTI8 SLC25A6 EEF2 OACT2 ALCAM
11 NEMI OACT2 STRA13 STRA13 SND1
12 UAPI STRA13 NMEI1 CANX CANX
13 CCND2 CANX CANX GRP58 GRP58
14 CYPIBI GRP58 ALCAM TEEM4 TMEM4
15 CBX3 SND1 GRP58 CCT2 CCT2
16 SAT MTHFD2 SND1 NME2 NME2
17 CANX ALCAM FMOS5 SLC25A6 SLC25A6
18 BRCALI MRPL3 TMEM4 CALR CALR
19 GRP58 TMEM4 CCT2 EIF4A1 EIF4A1
20 MTHFD2 PPIB PRKACA | GUCY1A3 | GUCY1A3
21 STRA13 SLC19A1 | MTHFD2 LMANI LMANI
22 LGALS3 CCT2 PTPLB OGT OGT
23 ANK3 FMO5 PPIB STAT6 STAT6
24 GUCY1A3 CYPIBI MRPL3 TCEB3 TCEB3
25 LDHA ATF5 SLC19A1 LDHA ANK3

of top-ranked genes in input lists: HPN, AMACR and FASN.
These three genes rank high in most experiments. And the
ranking of STRA13 and CANX is close to that of the GCM
model. However, it also fails to include GUCY1A3.

Another interesting discovery across all results is that there
are several genes that appear in all the output lists. Those
genes, though not deemed informative by now, worth further
investigation. They genes are: NME2, GDF15, KRT18, EEF2,
OACT2, SLC25A6 and GRP58. Also gene NME] appears in
four of the five output lists.

TABLE III: Experimental Results

Method Appear # | Avg. Rank
Luo 3 19.4
Welsh 6 13.4
Dhana 5 14.1
True 3 19.8
Singh 4 18.4
Borday 5 152
Bordas 4 17.4
Bordas 7 15.8
Borday 5 15.2
MCy 5 16.1
MCso 6 15.5
MC3 6 14.7
CEMCy 6 14.1
CEMCo 6 144
CEMCs 5 14.8
CEMCy 6 14.6
GCM 7 13.2

Semi FIG Problem: Next, we experimented our method
on the Semi-FIG problem. Since we have 9 informative genes
at hand, we picked up one gene each time, assigned it to
be informative and applied our GCM model with such side
information. We set the parameter o = 2, 3 = 8. The results
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are shown in Table IV.

TABLE IV: Semi GCM Experimental Results

Gene Appear # | Avg. Rank
HPN 7 132
AMACR 8 12.7
FASN 7 13.0
GUCY1A3 7 11.7
ANK3 7 11.3
STRAI13 8 12.3
CCT2 6 13.5
CANX 7 132
TRAPI1 7 11.6

As seen from the result, adding only one piece of side
information significantly improves the quality of the final
result. When gene AMACR is assigned to be informative,
the GCM model includes 8 informative genes, beating all the
previous results. Moreover, gene AMACR is a high-ranked
gene in the input lists and therefore improving the result in
this way is quite encouraging. We also notice that adding HPN
as the side information doesn’t increase the performance at
all, mainly because HPN is predicted to be top-rank in most
input lists. Adding such information will not help propagate
the information in our model. Adding CCT2 into our model
decreases the performance by both ground truth gene appear-
ance times and average rank. This is because gene CCT2
only appears in list True and Singh, adding this information
will raise the probabilities of these two lists and equivalently
decrease the probabilities of the other three lists, therefore
gene GUCY1A3 from Dhana experiment is eliminated from
the final result. However, in general, adding side information
will help improve the quality of the GCM model. The best
results of the Semi GCM model is shown in the last column



in Table II. This result includes gene ANK3 that only appears
in the best Borda count methods.

V. Related Work

Because the problem of FIG is of high resemblance with
rank aggregation in information retrieval and web search areas,
some researchers in bioinformatics tackle the problem by
applying state-of-the-art methods from Information Retrieval
areas [1][7]. Generally, the problem of rank aggregation is
approached in two categories in Information Retrieval and Web
Search areas: Unsupervised and Supervised. For unsupervised
approaches, they usually express the problem as a distance
minimization problem: Given » input lists 7y, 7o, ..., 7, the
optimal result 7* satisfies: 7* = argmin Zle wid (i, T%)
where w; is the weight for each input list, 4 is the distance
between two lists. Choices include Spearman distance [11] and
Kendall-tau distance [12]. This optimization problem is shown
to be NP-hard [12]. Those methods differ in how to solve
this optimization. It is noted that the most recent work [7]
that studies the same problem employed cross entropy Monte
Carlo method to solve the optimization problem.

The rank aggregation can also be formalized as a supervised
machine learning task in information retrieval, in which a
variety of machine learning techniques have been actively
investigated for solving the learning task. However, the super-
vised approaches are incompatible in solving the FIG problem
in bioinfomatics because training set is needed for supervised
methods while in bioinformatics the training set implies some
genes with precise ranking of their being informative. Such
information is infeasible, if not impossible, to get in biological
experiments.

In addition, the problem in this paper is related to clustering
ensemble or consensus clustering: given a number of clustering
results, find a consensus result that is better than any single
input clustering result. Jing. etal. [9] proposed a bipartite
graph method to solve consensus maximization problem in
which given a bunch of class labels and clustering results,
find the consensus labels that achieves maximal consistency
between them. Our work is similar to Jing’s work in that we
both enforce the information propagated between neighboring
nodes in the bipartite graph.

VI. Conclusion

In this paper, we studied the problem of finding informative
genes from multiple microarray experiments. Rather than
directly computing the rank of each gene, we first estimated
the conditional probability of a gene being informative in the
final result, then we ranked the genes based on this probability.
We proposed a Graph-based Consensus Maximization (GCM)
model where the estimation of the probabilities is cast as an
optimization problem on a bipartite graph. We solved this
problem through iterative propagation of probability estimates
among neighboring nodes. Furthermore, our GCM model can
be naturally extended to incorporate the side information that
some genes have already been identified to be informative. In
the experimental study, we compared our model with three
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major baseline methods and their variants. The experimental
evaluation showed that in the FIG problem, the GCM model
outperformed the other baseline methods. In addition, by
adding only one piece of side information, the quality of
results of our model was greatly improved, showing that our
proposed GCM model is effective and superior in finding
informative genes from multiple microarray experiments.
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