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ABSTRACT

Phenotype structure discovery is one of the most important problem in microarray data
analysis. The goal isto (1) find groups of samples corresponding to different phenotypes
(such as disease or normal), and (2) for each group of samples,find the representative
expression pattern that distinguishes this group from others. Different from the existing
singleton discriminability based approach and combination discriminability-based
approach, we present a novel method in this paper. Based on the proposed g -sequence
model, an efficient algorithm, namely FINDER, is developed to mine the optimal
phenotype structure from a given dataset. Further, severa effective pruning strategies are
designed to improve the efficiency. The experiments conducted on both synthetic and real
microarray datasets show that the phenotype structures discovered by FINDER are of both
statistical and biological significance. Moreover, FINDER is 2~3 orders of magnitude
faster than the alternatives.

KEYWORDS

Data mining; Bioinformatics; Microarray data.

© Trade Science Inc.



mailto:zhaoyuhai@ise.neu.edu.cn

2246 A Sequence model based phenotype structure discovery algorithm BTAIJ, 10(7) 2014

INTRODUCTION

Advanced microarray technologies have made large amounts of gene expression profiles
available. Analyzing microarray data is essential for understanding the gene functions, gene regulation,
cellular process, and subtypes of cells*.

An important task in microarray data analysis is phenotype structure discovery!”. Given a
microarray dataset of m samples and n genes, a phenotype structure refers to a group of “blocks” (or
submatrices), each of which consists of a subset of samples and a subset of genes such that: (1) the
samples from al the blocks make up a partition of m samples, and the samples in a block correspond to
a phenotype (such as a disease subtype); and (2) the gene expression pattern within a block can be used
as the signature to distinguish this group of samples from others”®. The genes in a signature may suggest
the potentia biomarkers related to the disease. In particular, phenotype structure discovery is an
unsupervised Iearnin? problem. It is more challenging than the problem of biomaker selection with
known class |abel§4€!,

Most existing phenotype structure discovery methods fall into two major categories, i.e
singleton discriminability based and combination discriminability based“®. The former selects top-
ranked genes according to their individual discriminative power to the target classes®. Obviously, this
over simplifies the complex relationship among genes due to the gene independence assumption. The
latter aims to find a subset of genes of the high combinatorial discriminative power. However, it just
take into account the co-occurrence of genes. This often leads to a large number of selected genes, as
poses crucia challenge for biologists to interpret and validate the results.

In this paper, we model the discriminative genes from a new perspective by exploiting their
ordered gene expression values. Compared with the existing models, our model is more robust to noise.
Figure[% illustrates our basic motivation by an rea example from Prostate cancer gene expression
dataset'™.

Expression Valug

Expression Vaue

Figurel: A real example from the Prostate cancer dataset

Figure 1 consists of two subfigures. In the top subfigure, 4 genes are expressed over 25 samples.
Samples 1~16 are cancerous (labeled as ‘C’) and samples 17~25 are normal (labeled as ‘N’). In the
bottom subfigure, another set of 3 genes are expressed over the same set of samples. The existing
singleton or combination discriminability-based methods cannot distinguish the two phenotypes. Since
most genes are of similar average expression values in the two phenotypes, they will not be selected by
the singleton approach. Moreover, all genes are expressed in both phenotypes. Thus, the combination
approach based on the co-occurrence of genes will not select them either. Both of the methods ignore the
hidden interrelation among genes. In the top subfigure, the gene order over the samples of cancerous
phenotype ‘C’ is always gene, < gene, < gene, < gene, . Such order is disturbed in normal phenotype ‘N’. In
the bottom subfigure, the gene order in normal phenotype ‘N’ is gene, < gene, < gene,, wWhile in cancerous

phenotype ‘C’ such order does not exist. Based on the ordered expression values, the disease phenotypes
(the two shadowed "blocks") are well identified.

In biology community, discriminative sequential patterns involving the ordered gene expression
values have been shown effective in distinguishing phenotypes”®. Such patterns have an intuitive
biological interpretation. Complex diseases often involve the cooperation of multiples genes. These
genes work together as a system to keep the cell in a specific state, e.g., disease or normal. In such a



BTAIJ, 10(7) 2014 Yu-Hai Zhao and Ying Yin 2247

state, some specia interrelationship among genes will exhibit. Once such relationship is disrupted, the
state may change, e.g., from normal to disease.

In this paper, we propose a novel phenotype structure discovery method by profitably exploiting
the ordered gene expression values. Our contributions are summarized as follows.
(1) A g*-sequence model is devised. It introduces the significant chain to ensure the robustness of the
proposed model, and enables to identify highly discriminative signatures with only a small number of
genes.
(2) A nove sequence dissimilarity metric, namely projection divergence, is proposed. By this metric, the
difference between a pair of blocks (submatrices) can be quantified based on the signatures features of
the blocks.
(3) An efficient agorithm, FINDER, is developed to find the optima phenotype structure. By
incorporating the cross projection into a progressive exploring framework, candidate phenotype
structures are searched in a quality-guaranteed way.

The rest of this paper is organized as follows. In Section 1, we introduce some preliminaries and
give the problem statement. Section 2 details our solution. Experimental analysis is given in Section 3.
Finally, section 4 concludes this paper.

THE PRELIMINARY

In this section, we first introduce some basic concepts useful for further discussion, and then
formalize the problem to be addressed in this paper.

g*-sequence

A microarray dataset D is an mxn matrix, with m samples S={ s, S,,..., S} and n genes G={g;,
O2,...,0n}. A rea vaue dij in D represents the expression value of gene g; on sample s. An example
microarray dataset of 4 samples and 9 genesis shown in TABLE 1. Microarray data are often noisy. We
introduce the concept of equivalent dimension group which represents a set of genes with similar
expression values.

TABLE 1: An example Microarray dataset

Sample g¢ 92 93 U4+ U5 U5 Or U3 Qo
s, 103 68 76 48 71 101 55 50 83
s, 355 20.1 287 17.2 13.2 23.8 135 15.8 30
ss 57 67 9 5 103 10 152 52 87
S 32 53 79 43 35 72 105 38 68

Definition 1. Given an expression matrix D of a sample set, S={s;, ..., S}, and a gene set, G={q;,
O2,...,0n}, if for a grouping threshold 6, 620, and some sample s €S there exists a subset, G', of genes
holding both Eq.(1) and Eq.(2), we say G’ is an equivalent dimension group, or an EDG for short, of the
samples.

max_ |d; - dj kS xmind, ()

gj,gj,eG'

P - 2
vg,0;€G *ﬂg-‘dij —d;|< gj"rer(uGle) d;—d;. 2

Eq. (1) limits the maximum difference between any pair of expression valuesin an EDG. Eq. (2)
guarantees that a gene is aways grouped with its closest neighbor. We call a gene satisfing Eq. (1) but
not Eq. (2) abreakpoint.
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Due to the highly noisy, considering close values as ordered is impractical in the context of
microarray data analysis. An EDG encloses a group of genes with the similar expression values together.
Thus, the sequences of genesin which any pair of genes are not in the same EDG is robust to noise w.r.t
the group threshold 6. Moreover, this shortens the maximum size of the sequences such that the
computing timeis aso greatly reduced.

For a sample s, a dliding window approach can be used to find all EDGs. First, all genes are
sorted by their expression values in ascending order. Second, we slide a window from left to right. The
size of every window is initially determined by Eg. (1), and then refined by Eq. (2). If a breakpoint is
encountered, the next window starts from the first breakpoint. Otherwise, start from the position
immediately right to the current left-end of the window.

Sit (24 88[87<82 85) 2] L>{8 21}
S2t (85 [&7 28<84){22](|86> 83 2o} 21
S31 (84 88 21 [82) & 23]<86 {85> &7}
Sat (81 85[8s 24)<82]829 {8 &3 27}

Figure2: g -sequences for the samplesin TABLE 1, 6=0.5

If 5=0.5, the sequences of EDGs corresponding to every sample in TABLE 1 are shown in
Figure 2, each of which is called as a g -sequence. Specially, for a given sample s, the corresponded g* -
sequence is denoted as $;, and the i-th EDG is denoted as EDG;. Given a g -sequence $, R(x, y) is a
binary relation for apair of genes x and y. R(x, y) is TRUE if there exists an EDG in $ containing both x
and y. Otherwise, R(x, y) isFALSE.
Definition 2: Given two g -sequences $ and $, if Vxye$i, R(x,y) always holds the same value for both

$ and $, we say $ is a subseguence of $, denoted as $ES;. In particular, if VX, ye$i, R(X, y) is dways
FALSE in $ and $;, we say $ is asignificant chain of $. Further, $ is closed if thereis no $' st. V$;,
$CH'CS.

Suppose that $i=(gs<0g205)ds> g6 and $=(9s02<gs)gs> Je- Then, for $; in Figure 2, $(1$; but $[/1$;.
Moreover, gsgsJs iS a significant chain of $;. A significant chain ensures that there is a significant

difference between the expression values of any pair of genes within it. In particular, g8g3g6 is a closed
significant chain.

Phenotype structure

Next, we introduce how to quantify the quality of a phenotype structure based on the g -sequences
model.

Definition 3: Suppose that m g -sequences $ (ic[1,m]) are partitioned into k disjoint subsets
sety,set,...,Sety. A subsequence $ is a signature of subset set) (Ie[1,K]), iff: (1) VSeset;, $, $&, and (2)
v eset, $1$y. In particular, if V$eset), $isasignificant chain of $,, we call $ ap-signature of set;.
Suppose that the four g -sequences are partitioned into two disjoint subsets, set;={$;, $;} and
set,={$3,%4}. According to Definition 3, $=07(gs01) iS a signature of set;, g7g6 and g7gl are two p-
signatures of set;.

Given ap-signature p; and a sample s, the projection of p; on s, denoted as pils, refers to the sequence of
al genes in p; permuted according to their relative orders in $. If a pair of genes in p; has a reverse
relative order in pis, we call it areverse pair. Given p; and pis, for agenex, if it is at the k-th locus in p;
and at the j-th locus in pils, we call |k—j| the distortion of x between p; and pi|s, denoted as disty(p;,S). For
example, if pi=gstu0s, and siss; in Tab. 1, then pils=04030s and (gsgs) isareverse pair.

Definition 4: Given a p-signature p; and a sample s, the projection divergence of p; and pils, denoted as
PD(p;, pils), is
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PD(p, pls)= D o(x y)ldist,(p,s)+dist,(p,9)]

X2y " )
_|% if (x,y) isareverse pair
where o0 y) = 0 ,otherwise 4

PD takes into account the interrelationship among genes when computing the difference, as is
quite different from some commonly used sequence distance metrics (e.g. edit distance ED™?).
Continuing the previous example where pi =gsgk0s and sis s, in Tab. 1, since there is only one reverse
pair in g, i.e. (gsg4), then PD (pi, pils) = 1x[1+1] = 2.

Below isaquality measure for a candidate phenotype structure based on PD.

Definition 5: For a microarray dataset D, let 7={set,sets,...,set} be a partition of the m samples and ¢
={pw,p2,....px} be a set of p-signatures, where p; is a p-signature of set;. A phenotype structure in D
refers to the collection of all submatrices {(set;,pi)}. Its quality function is defined as follows

QA=Y 3 B ©)

kK i=1 j=i+l

> PD(p. P19+ D PD(P,. b |9
=

Where B ) = |
i i

(6)

|setj|(or |setj]) denotes the number of samplesin set; or set;.

Let Di={dyy|sceseti,gyepi} be the projected submatrix of setj on pi. B(i,j) evaluates the mutual
difference between two submatrixes D; and D;. Larger B(i,j) indicates larger mutual difference between
Di and D;. Thus, Q(Z,¢) measures the average pairwise difference between submatrices.

Consider the example in TABLE 1. Suppose that the samples are partitioned into set;={$;,$,}
and sety={ $5,$4} With p-signatures p;=g;g; and p,=g10s, respectively. The corresponding Q(Z ) can be
calculated as follows: First, pailss= palss =0197, P2ls1= pals2 =ge01- Then, according to Definition 4, we
have S PD(p,pls)=2+2=4, 3 (p, p,19=0+0=0. Since [setij+|setr|=2, B(1,2) :%2:1- Thus,

Vsesety Vsesety

QU O=B(1,2)=1.

The problem statement

Given an expression matrix D of m samples and n genes, and a grouping threshold &, our goal is
to find the phenotype structure with the largest quality score Q(Z,C). To filter out the blocks with too few
or too many samples, we introduce Mins and Maxs to limit the minimum and the maximum number of
samplesin a submatrix.

THE FINDER ALGORITHM

FINDER consists of three major steps: (1) trivial g -sequences identifying; (2) phenotype
structure discovery; and (3) refinement.

Trivial g -sequencesidentifying

A subsequence $istrivial if it is common to all m samples. Clearly, atrivial sequence cannot be
selected as a p-signature of a specific phenotype. Thus, the genes involved in the trivial subsequences
can be ignored. However, it is intractable to exhaustively enumerate all trivia subsequences. The
following theorem states that the search space of trivia subsequences can be dramatically reduced.
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Theorem 1: The genes covered by al trivia g -sequences are just as that covered by al closed trivial
significant chains.

Proof: Let $ be atrivial g -sequence and xe$ be a gene not covered by any significant chain of
$. According to the sliding window method discussed in Section 1, there must be another gene ye$ such
that either xy or yx form a significant chain, which contradicts the assumption. Hence the proof. m
Theorem 2 indicates that, instead of testing all trivial g -sequences, we only need to consider the closed
trivial significant chains, the lengths of which are usually much shorter than that of the origina g -
sequences. As aresult, the search space is greatly reduced.

Phenotype structur e discovery

A block (or submatrix) is the basic element of a phenotype structure, which consists of a subset
of samples and the corresponding p-signature. The basic idea of the phenotype structure discovery
method proposed in this paper can be described as follows. First, generate the candidate p-signatures.
Then, derive the corresponding blocks from the candidate p-signatures. Finally, find the block
combination of the largest Q(Z,C) by testing various block combinations.

According to Definition 3, a p-signature must be a significant chain. Thus, a naive candidate p-
signature generating method is to check all significant chains, which, however, is infeasible in practice.
The following theorem states that the candidate p-signatures can only result from the closed significant
chains.

Theorem 4: Let (Z,C) and (I,C’) be two candidate phenotype structures, where 7 ={ set;,sety,...,seti}, I
={sety, sety..., seth, C={pn P2 ..., P> €' ={p2 P2 ., pPi. If Vi, i (1<i<Kk), pi!piand pjis closed,
then Q(7,C)>Q(L0).

Pi pi

rd)  a(® {

SR

ae)y  rd)

Figure3: PD(pi,p; |s) > PD(p;.p; |9)

Proof: We prove the theorem by Figure3, where the shadowed blocks are the projections of p
and pion all samplesin set;. For asample sin setj, the two dashed lines denote p; and pifs (or piand p}|s),
where (X, y) isareverse pair. The position of x in p; (resp. pj|s) isindicated by r (resp. r’), and that of y
inp; (resp. pils) isindicated by g (resp. ). Similarly, the position of x in pj(resp. pi|s) is indicated by |
(resp. I'), and that of y in pj (resp. p; [s) is indicated by t (resp. t'). Then, [dist(p S)+disty(p;, S)] —
[distx(pi, 5) + disty(pi, §)] = (I'-I+t—t) - (F—r+ g—q) = [(I'-t') = ("=q)] + [(t-1) —(a-1)]. Since p;,
pi, [(t=1) —(g—r)]=0. Likewise, since pi|sLIp}]s, [(I'-t") —(r'—q)]=0. Therefore, the preceding formula
is no less than 0. Extending the conclusion to any reverse pair in p;, we have PD(p), pi [s)>PD(pi, pils)-
Moreover, since s is any sample in set;, we have that > PD(p/,p/|s)= > PD(p.p |s). Similarly,

Vse$; vse$;
Z$PD(|O;, P 1s)2 Z$PD(p,- ,p;19) . Thus, Q(74,¢)>Q(L,¢). m

Theorem 4 ensures that we can generate all candidate p-signatures at low cost. A phenotype
structure is a combination of blocks. Thus, the next step is, for each candidate p-signature, to find a
sample set of this p-signature as a candidate block, and then, select the best combination as the fina
phenotype structure by testing the block combinations. Clearly, it is intractable to enumerate all block
combinations. In this section, we develop two heuristic methods to tackle the problem.

Aggressive Greed: This approach is inspired by the intuitive idea that the best individuals constitute the

best combination. Concretely, according to the value of 2.7S€ st,sa;zt Dl(p" P19 | the block whose p-
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signature is of the maximum average PD to its projections on the remaining samples is selected as the
first block. The remaining blocks are selected based on the value of B(i,j), where | is the index of the
block to be selected and i is the index of any block having been selected. The block with the maximum
average difference on B(i,j) will be selected.

In this approach, each block will be examined just once. That is, once block i is determined in
step i, it will remain unchanged in the whole process. Although this approach may be of an advantage in
terms of efficiency, it heavily depends on the quality of the first selected block. If abad block is selected
in the first, the remaining selections will be based on this block.

Progressive Greed: This method allows to update a previously selected block by a new block if
such an update can improve the quality of the block combination. During the search, for the current
sample set X, we derive the most distinctive block (setj, p;) from it. Then, remove set; from the complete
sample set Sand search the remaining sample set S-set; to seek the next block (setj, p;) such that B(i, j) is
maximum while sNs is minimum. This ensures to select the block with the maximum average
difference and the minimum overlap with the selected blocks. The process proceeds recursively until
every sample is assigned to a block. When such a block combination is obtained, it is considered as a
candidate. Instead of immediately returning this candidate as the result, we track back to the sample set
X and continue searching the remaining combinations containing X to generate new candidates in a
similar way. During the process, we always keep track of the current best result and its quality score
Quet- Once a new candidate is generated, we compare its quality score, Qc, With Qpes. If Q>Qpes, Update
Ques t0 Qc; otherwise, remain Ques and the rdaed information. Experimental results show that this method
greatly improves the quality of the results due to the quality-guaranteed block updating way.

Refinement

FINDER uses Mins as aterminal condition to stop the block combination test. A small number of
samples may not be assigned to any block. Such a case can be dealt with by reassigning those samples
according to certain criterion.

In this paper, we address the problem by breaking every current p-signature into some smaller
fragments. Then, a sample is reassigned by combining the decisions from all fragments. The process is
treated as a voting based on PD and the cross-projection. That is, for a sample s to be reassigned, we
project the fragments of every block onto $ and compute the average projection distance PD,yg. Finally,
sis assigned to the block with minimum PD,,q. Next, atop-down recursive process is given to break a p-
signature into the smaller fragments.

Suppose that p; is a closed p-signature. We first generate all its immediate sub-patterns, pi1, piz,
..., Pin, by removing a single item from p;, respectively. We then compare the supports of p; and pix for
al xe[1,n]. If the support of pix, i.e. the number of samples containing pix, is larger than that of p;, i.e.
supp(pix)>supp(pi), we remove pix and al its immediate sub-patterns from considering. Otherwise, we
recursively continue the process for pix. The patterns that can not be further reduced are left as the final
fragments.

PERFORMANCE EVALUATION

In this section, we study the performance of FINDER by evauating its efficiency and
effectiveness. The algorithms are coded in C++. All experiments are conducted on a 2.0-GHz HP PC
with 1G memory running Window XP. Both real and synthetic datasets are used in the experiments. The
real datasets are colon tumor'®, ALL-AML leukemia” and Hereditary Breast Cancer (HBC)'%!. TABLE
2 shows the statistics of these three datasets. The synthetic datasets are generated by a specific data
generator in [?]. Unless otherwise specified, the default parameters setting for FINDER are 6=0.3,
Mins=0.3, Maxs=0.5.
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TABLE 2: Theinformation of threereal microarray datasets

dataset # sample # gene classl : # classl class2: # class? class3: # class3
Colon 62 2000 negative:40 positive:22 N/A
Leukemia 38 5000 B-ALL:19 T-ALL:8 AML:11
HBC 22 3326 BRCA1:7 BRAC2:8 Sporadic:7
Efficiency

In this section, we evaluate the efficiency of FINDER by studying how response time varies with
respect to #sample and #gene, where the synthetic datasets are used. Since no previous work can be
directly applied to the problem setting in this paper, we implemented a naive two-step method as the
baseline method. First, all candidate p-signatures are mined using BIDE!*?, one of the state-of-the-art
closed sequence mining algorithm; Second, do an exhaustive combination test over all derived blocks.
Two greedy strategies proposed in this paper are aso implemented, which are called A-FINDER
(aggressive approach) and P-FINDER (progressive approach), respectively.

As Figure 4 shows, the running time of the three phenotype structure discovery agorithms
becomes longer as #sample and #gene increases. This is because larger #sample may lead to more
sample combinations to be tested and the increasing of #gene makes the number of EDGs in every g*-
sequence larger. Note that FINDER is two or three orders of magnitude faster than the naive method.
This confirms the efficiency of the proposed algorithm.

8=0.3, ming=0.3, max=0.5 8=0.3, ming=0.3, max=0.5
10° . ; 105
A-FINDER —>¢— +
P-FINDER -—©-- 1t
—~ 10% Naive - P _ :
F 7
2 1 L 2
o 10® | .
5 £ L
- 100 e 2 10
-------- 10°
107! 1 L L Lo . , I
25 30 35 40 45 1000 1500 2000 2500 3000
Varying #sample Varying #gene

Figure 4 : Scalability

Effectiveness

In this section, we evaluate the effectiveness of FINDER in terms of statistical and biological
significance. In the statistical sense, we use p-value. In the biological sense, we show some interesting
results discovered from the Leukemia dataset, and explain them based on GENE database of NCBI.

Statistical significance

A p-value indicates the probability that a phenotype structure is formed by chance. We use the
hypergeometric distribution to calculate the p-value for each block of a phenotype structure.
Specificaly, it is computed as follows:

In the above equation, m is the total number of samplesin a given dataset, and M is the number
of samples annotated to a particular phenotype. EQ.(9) calculates the probability that seeing at least k
samples annotated to that particular phenotype in randomly chosen t samples. This approach is widely
used to evaluate the statistical significance of the result in many existing tools, such as Gene Ontology
and GO TermFinder. A smaller p-value indicates a stronger statistical significance. If most of the blocks
of a phenotype structure are of small p-values, the phenotype structure is unlikely formed by chance.
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(b) Leukemia data

NOMBEl  Hv17G6 HV48F 7 HV25C8 HV25C 8 LOIH7 LOBD1 HV25C 8 HV50D3 HV29D11
1

6 12 .
2 p-vaue: 7 p-vaue: 13 p-vaue:
3 6.215e-04 8 8.321e-03 14 6.215e-04
4 9 15
5 10 16
18 11* 17*
22* 19 20

BRACL1 21 Sporadic

(a) Colon data (c) HBC data
Figure5: Theresult visualization

To show the power of the ordered gene expression values in the phenotype structure discovery
more clearly, we visualize the phenotype structures discovered from the three real datasets in Figure
5(a)~5(c), where the strength of gene expression is mapped into the darkness of color. The stronger the
gene expresses, the darker the color is. The gene orders (p-signatures) and the sample labels are given at
the top and the left of every block, respectively. “** marks the samples not properly grouped. Clearly, in
each block of a phenotype structure, the mapped expression values are always from lightness to
darkness. The order among genes can be used to discover the phenotype structures of statistical
significance.

Biological significance

In this section, we present some interesting results discovered by FINDER from the Leukemia
dataset!”? and show that FINDER is able to find not only the genes identified by the existing methods,
but also some important genes ignored by the existing methods.

TABLE 3 lists al genes involved in the phenotype structure discovered from the Leukemia
dataset. If a gene is ranked within top-100 by two or more commonly used statics, it is marked with *”.
As shown in TABLE 3, genes MB-1, CST3 and MacMarcks are top-ranked genes by all eight methods.
They are also discovered by FINDER. Indicated by GENE, a searchable database of genes in NCBI,
MB-1 gene encodes the Ig-apha protein of the B-cell antigen component. It is a sensitive and specific
reagent for B-lineage blasts that will aid in the classification of B-cell precursor ALL and in the
identification of biphenotypic leukemia presenting as AML™: CST3 encodes the most abundant
extracellular inhibitor of cysteine proteases, which is found in high concentrations in biological fluids
and is expressed in virtually all organs of the body. A mutation in this gene is associated with amyloid
angiopathy (e.g. AML); MacMarcks gene is proven to be immune-related!*®. Tumor is often immune-
related, thus it is biologically plausible to find MacMarcks in the phenotype structure of Leukemia.
Genes IGHM and TCL1 are identified by two and five methods in TABLE 3, respectively. As GENE
states, IGHM is the antigen recognition molecule of B cells; TCL1 is activated in T-cell leukemias by
translocations and inversions that juxtapose it to regulatory elements of T-cell receptor genes, and
activation of TCL1 in mature T-cells causes T-cell leukemiain humans'*®’. Immunologic processes have
been well studied by Yunji’s mathematical model about the macrophage activation. A novel network
model and framework are established!*"*%"

For the genes without *’, extensive biological evidences indicate that these genes are also
related to leukemia. For example, TCRB is ranked outside top-100 in TABLE 3. However, TCRA is
reported by five methods in TABLE 3. From the gene description in the Leukemia dataset!”, we
know that the two are both T-cell receptors. They have very similar function. Moreover, GENE database
confirms that chromosomal abnormalities involving TCRB are closdly associated with T-cell
lymphomas. Also, we find two other interesting cases. That is, the gene sequence <MB-1 GUK1
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GLUL> identifies T-ALL phenotype with precision=88.9% and recall=100%, and the gene sequence
<CST3 GUK1 MB-1 ER-60> identifies B-ALL phenotype with precision=100% and recal|=94.7%. It is
the order among genes, which is ignored by singleton or combination discriminability based methods,
that enables FINDER to discover the statistical significant phenotype structures with higher accuracy
and fewer genes. Moreover, such order may provide a possible explanation to some diseases from a new
point of view. For example, due to the small p-value, it is statistically reasonable to infer that the cause
of T-ALL may be that gene GLUL expresses more than gene GUK1 and gene GUK1 expresses more
than gene MB-1 in an individual.

TABLE 3: Thegenesdiscovered from L eukemia dataset

RANK

gene T- Information Sum of Twoing- Gini- Sum M ax ID
test gain variances rule index minority minority SVM

MB-1* 4 18 26 26 26 41 34 21

CST3* 49 4 3 3 3 2 2 4

MacMarcks* 19 38 29 29 29 21 13 27
TCL1* 42 30 61 61 61 >100 >100 >100
IGHM* 69 >100 >100 >100 >100 >100 83 >100
TCRB >100 >100 >100 >100 >100 >100 >100 >100
GUK1 >100 >100 >100 >100 >100 >100 >100 >100
GLUL >100 >100 >100 >100 >100 >100 >100 >100
ER-60 >100 >100 >100 >100 >100 >100 >100 >100

CONCLUSION

In this paper, we model the phenotype structure discovery problem from a sequence perspective.
Different from the existing methods, the proposed g* -sequences model uses the ordered gene expression
values as the discriminative signatures. It enables to find highly accurate phenotype structure with a
small number of genes. Further, we develop two progressive exploring strategy to tackle the proposed
problem. Extensive experimental results on real and synthetic datasets show that our method
dramatically improves the accuracy of the discovered phenotype structure (in terms of statistical and
biologica significance). Moreover, FINDER is 2~3 orders of magnitude faster than the alternative
methods.
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