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Abstract— Identifying biologically relevant genes in a given tumor type. This way of gene selection and tumor (or sample)
tumor classification problem is as important as accurately classification is biologically important.
classifying the samples. Differential expression may not always In this paper, we propose a new methodology called

achieve this task. Differential friendly neighbors (DiffENS) . . - - .
algorithm is proposed to select the classification relevant and differential friendly neighbors (DiffFNsfo choose genes

biologically interesting genes that can discriminate two classes that show different relationships with the other genes agnon

of tumors. DiffFNs achieves it by selecting genes based on their different tumors and propose a classifier which is based on

differential relationships from one class to the other. the gene-gene relationships. DiffFNs is an extension of FNs
DiffFNs has been applied to select genes that can discriminate [12] for supervised gene selection problem. The DiffENs

patients based on their tumor p53 status and Grade status. The aporoach defines the relationship of two genes in a tumor
results show that DiffFNs identify the p53 activity associated PP p 9

genes which could be submerged in the differentially expressed tyPe as the fraction of samples have the same direction of
genes if we used differential expression analysis alone. This expression from their respective mean values. It finds the
result proves the effectiveness of DiffFNs approach in selecting pairs of genes which lost or gained relationship from onetyp
genes that are biologically_ releva_mt to the sampl_e cl_assific_ation. of tumor to another type of tumor. The genes which gained
enﬁaely\llzvr(i)éizzlyGﬁgg hss(lﬁgyt'%ENMJSTO:;;?;/S%?SS'f'cat'on’ Differ- or lost most relations_hips_ are _considered to be the_ most
important genes for discriminating the tumors and signify
l. INTRODUCTION certain pathways or activity. This approach can recognise
genes whose mean expression shift, from one tumor to
Several methods [8][9][20][1][25][17] have been proposednother tumor, is not statistically significant and use them
to find the molecular signature (a cassette of sample discrinh biologically meaningful way to discriminate the tumors.
inating genes) and classify samples using microarray 82][  Similar approaches have been adopted recently by Kostka
genome-wide gene expression profiling. The signature gege Spang [13] and Prieto et al [19]. Kostka & Spang
selection is mostly carried out by choosing the genes whicfiscount for genes showing change of variability and Pri-
are differentially expressed among different classestihe. eto et al identify genes showing change in variance. Both
genes whose mean expression levels significantly changgge heuristc stochastic optimization algorithms to idgnti
from one class to the other class of samples are selecte@ich genes. Whereas, DiffFNs does not explicitly make any
The differentially expressed genes may be discovered Rych assumptions about variance. Instead, it defines ctiange
any of mean expression shift detecting methods such aspieighborhoods (or relationships) for each gene and arrives
test [11], SAM [24]. In practice, the top few differentially at the disturbed neighborhoods centered around genes calle
expressed genes are chosen as relavant features and p€e genewnhich renders better interpretation of the results.
used for classifier design. One of the several classifierls su¢he disturbed neighborhoods may contain genes with or
as KNN [5], SVM [4], NN [10], PAM [21] is used for without changed variance of expression or with changed co-
classification expression. Apart from providing disturbed neighborhgods
None of the above approaches address the problem DPfffFNs also contain classification scheme based on these
changing relationships among genes from one group of theighborhoods. Different gene expression centering seeem
mors to another group of tumors. The change of relationshipain give rise to different interpretation of the algorith¢h)
among genes are important to identify the pathways that aggerall mean centering, a gene expression is adjusted such
activated or inactivated in a tumor type relative to the pthehat its mean across all samples is zero but not the group

. o _ _ mean, presented in this paper; and, (2) group mean centering
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to classify grades and p53 status of breast cancers aimdlependent normal distributions, then the probabilityssna
evaluates the performance of our method. Section IV preseritinction f(8 = S(i, j|D)) = (o ) (5)-

conclusions and future directions. Let 71, T» € [0,1] be two parameters to be chosen by
the user and they satisfy;, > 7. Based on the above
) observation, we consider the expressions of two gepasd
Consider A samples of classl, denoted byS' = g, to be independent or unrelated-fT, < S(i, j|D) < T.
{S%1, 5%, 8%, ..., S'4}, andB samples of clas, denoted  QOtherwise, the gene palifg:, g;) is said to have positive
by 52 = {5%1,5%,8%,...,5*p}. Their gene eXpression (or negative) relationship i.e. they are positive (or negat
profiles over N genes can be represented by two matricegiendly neighbors (FNs) of each other #(i,j|D) > T\
(datasets)), and D; as (or S(i,j|D) < —Ti). When S(i,j|D) is in [Ty, Ty] or
—T,—Ts], we consider the relationship betwegnand g,
Dr=(Xij)yxa and D> =(ij)y.p t[o be uncl]ear. The following formulae give p-valup§,(p—j)
where X, is expression of geng in samples; € S* and of observing positive (negative) relationship betweenegen

1. DIFFERENTIAL FRIENDLY NEIGHBORS(DIFFFNS)

Y;; is expression of geng; in samples; € S,. gi andg_j wheng; an_ng: are drawn independen_tly from the
Different sample sizes in the two groups (i.4.# B) respective normal distributions arft{i, j|D) = r is
may bias the average expression level of a gene, across all Q O\ 1
tumors (samples), to the larger group. To get an unbiased  p*(g;, g;) = Pr(6>r) = Z ( )2_Q
estimation, we give equal weightage to both classes by o Q1)
taking mean of the means of the two classes. Formally, let :
MY = M}, M}, ..., M}]T and M? = [M?, M3,..., M%]" Q(r+1)
be the vectors of the means of expression of genes in datasets - R\ 1
. P 9 g (9i,95) = Pr(B<r) = Z 50
D, and D, respectively, wherel/; and M/ are the mean k)2

k=0
Let B, = S(¢,4|D1) and B2 = S(i,j|D2). Then, table |
summarizes the different changes of relationships between

expression values of the geng in datasetsD; and D,
respectively and they are given by

A B
1 1 genesg; andg; from D, to D,.
M}==Y"X;; and M7 ==Y
B
= =1 TABLE |
DEFINITION OF CHANGES OF RELATIONSHIPS USING THRESHOLD@H
then the overall mean AND T5)

M= [Ml’ My, "'7MN}T - %(Ml + M) Bo>Ty | B2 < =T | B2 €[-T2,T3]

Now let us derive two new matrice®; and D- as

5 5 s (v £ >Th NC P2N P
D1 = (X”)NxA and Dz = (Y”)NxB
WhereXij = U(X” — MZ), Y:;j = U(Y;J — MZ), and fr=-T N2P NC N
1 if z>0;
= . =7 T, T P, N, NC

Let the similarity between geneg and g; in dataset D
(¢ {D1,D-}), with Q@ € {A, B} columns, be denoted by where

S(i,j| D) and defined as P2N = Positive relationship ofg;, g;)
L 2 changed to Negative
S(i,j|D) = = Z U(ZixZs1,) N2P = Negative relationship ofg;, g;)
Q k=1 changed to Positive
P, = Positive relationship ofg;, g,) is gained
In other words, ifg; and g; are either induced together Py = Positive relationship ofg;, g;) is lost
or repressed together from/; and M; respectively for a Ny = Negative relationship ofg;, g;) is gained
fraction o of samples thet§ (i, j| D) = (2a — 1) € [-1, +1] N; = Negative relationship ofg;, g,) is lost
for o € {0,%,3,...,1}, which is a strictly increasing NC = No change in relationship dfy;, g;)

function of a.. This is a measure of degree of co-regulatiorOther cases whens,, 3> are in intervals [T5,71] and

of genesy; and g; from their respective mean expression—T;, —1>] are not evaluated since we would like to leave
values, inD. If g; and g; are positively (negatively) co- them as doubtful to decide whether the relationship exists o
regulated therf (7, j| D) will be positive (negative). Further, not. In practice, P2N and N2P are rare events and we will
if g; andg; are not co-regulated and their expressions follovignore them from now onwards.



TABLE Il
PROCEDURE TO REDUCE THE BASE GENE SEIf WITH REDUNDANT

Based on our theory, the genes that are relevant fOrNEIGHBORHOODS TO A BASE GENE SEBR WITH NON-REDUNDANT
discriminating samples into two given classes are the ones NEIGHBORHOODS
which gained or lost many friendly neighbors (FNs). We
expect a gene involved in a pathway which has different
activity in different tumor types is expected to loose omgai INPUT: Ranked list of Base Gends = {b1, b2, ..., byp }
more FNs than the gene involved in other pathways.Hence, ~ @nd NeighborhoodVbr = {N'*, N2, ..., N}

. e . OUTPUT: Reduced Base Gene Li§t*

relevance of a gene for the given classification is a monotoni
function of the number of FNs (positive or negative) gained
or lost. In practice, almost all genes which gained many FNs ALGM: ReduceBaseGenes(B,Nbr)

A. Gene Selection

usually have insignificantly fewer FNs lost i.e. we can take i BR = {b1}
: . . foreach p (2:nb)
granted that an important gene usually contributes to eithe If N is not covered by any of the neighborhoods
gain or loss but not for both. In this analysis, we choose two of the base genes iB®
types of genes: (1pase genesvhich either lost or gained ThenB® — BRU {bp}
many FNs; and, (2heighborhood geneshich are FNs to at eR’;?umBR)

least one of the base genes in one of the classes. The selectio
of base genes automatically defines the neighborhood genes.
The score of a base gene is the maximum of the number
of FNs gained and lost. If a base gene gained (lost) more g 0 g g . I .
FNs than lost (gained), we call such a gene as gain (loss)-€t V7 = V7', Vo', .. Vil and VP = [V}, V5, ..., V,, | be

base gene. The base genes may be chosen in two ways udiffiles of gain and loss base genes, where

bootstrap technique [6]: (1) median gain or loss scord(of

bootstrap experiments; and, (2) number of FNs gained or ~ ~

lost consistently i.e. for more than 50% of tité bootsrap Vi = U(Z Y;;) and V!= U(Z Xij)

runs. Precisely, in each bootstrap run, randomly choosalequ j=1 j=1

number of samples from each class and use the selectedfhen a sampleS = [S),Ss,...., Sy]” whose trans-
samples to compute, for each gene, the set of genes lgsf w0 \vith respect 1o the mean vectdf is & —

or gained. LetK_ be sufficiently large. For method 1, assi_gn[gl’gg,....’S}V]T, where §; = U(S; — M;). Then, it gets
a score as medlan of scoreshnruns. Eor m_eth_od 2, retain 4,0 scores, one for each class i(8, S'). Where

all those pairs of genes whose relationship is observed to

have occurred and be consistent in at l§df runs.

1 ~ 1 ~
S9=—-8Ty9 and S'= =STV!

Vg (i

The rule to find the clasgJ,) of the sampleS is

We developed two classifiers, described below, based on ) .
the above described gene selection procedures. They are: 1 ?f S'>Thy  and 59 <Thy
(1) majority induction-repression classifier which is khse Cs = 2 if 59> Th} and S' < Thy
on the first method of gene selection; and, (2) neighborhood None Otherwise
based classifier which is based on the second method of genef the above assumption does not hold on any of the
selection. datasets then the clauses involving this dataset have to be

1) Majority induction-repression classifier:The genes removed from the above classification rule. This meanseif th
chosen for this classifier is the highest (gain or loss) sgori assumption does not hold dn, (D-), the clauses involving
genes in method 1 of gene selection. Any ggnehosen S' (S9) have to be deleted from the rule.
from gain (loss) analysis fronD; to D, are assumed to  2) Neighborhood based classifiertn this approach, base
exhibit expression variation in one direction from the meagenes are chosen using the 2nd gene selection method. For
expression §/;) consistently inDy (D;) than in D; (D). each base geng, it is associated with the respective neigh-
We assume this consistency I, (D;) to be more than the borhood of genes given by the s&tf. Same neighborhood
required thresholdZ(h, € [0,1]). The inconsistency of the may be shared by different base genes. To eliminate this
expression of the same gepein D; (Ds) should be less redundancy, we rank the base genes in the descending order
thanTh, € [—1,1] andTh; > Thy holds. This observation of their strenghs i.e|N?| of their neighborhoods. Starting
paves the way for our simplmajority induction-repression from the second strong base gene, check whether the base
classifier for classification of the samples. Note that, thiggene’s neighborhood is shared significantly by any of the
assumption may not always hold since the FNs are definédse gene which is still in the list of base genes and its
based on the consistency of induction and repression acressighborhood strength is higher. If so, eliminate such & bas
genes. This means, this classifier is valid to apply only whegene from the list of base genes. The algorithm is formally
this assumption holds. described in Table 1.

B. Sample Classification



The neighborhoodV? is said to be covering the neighbor- The above observations are the basis for the class assigned

hood N7 if ; ) to the sampleS by a given base geney. These can be
[N ﬂlN]\ > 1T, €0,1] translated to the following classification rules for a baseqy
|N7I| T giin G andg; in L are
for a given threshold paramet@},. After having reduceds ; s~ 1+Ty
. . : 2 if G} > 17
to BR, we define two matrice§’ and L, for gain and loss ’ . S
. . . : cY = 1 if G:< 2
respectively, to indicate the relationships between baseg s N Omh 1-T5
and their neighborhood genes. Any elemé; or L, from one therwise
these two matrices take a value from the{set, 0,+1}. The Similarly, L{ classifies the sampl& according to the
values are defined as follows. similar rule i.e.
+1 if g; is a base gene iB™ and 1 if Ls>4h
. . . J — 1-T;
g; is its neighborhood gene and oy L 9 if LS < }+;§
. S ] — —
(9i59;) is @ Py from Dy — Dy; None Otherwisé
Gi; ={ —1 if g; is a base gene iB* and Let Sc be defined as

g; is its neighborhood gene and

(9, 9;) is @ Ny from Dy — Ds; Sp = [/CE=10rCt 1,0, BT

[BR]

0 Otherwise

|{k/C*9=20rC" =2,9, BT}
[BR

+1 if g; is a base gene iB™ and The rule for the overll clas€’; assigned to the sampl is
g; is its neighborhood gene and
(9i,95) is @a P from Dy — Da; 1 if Se>T,
. . . Cs = 2 Zf Sc < Ty,
Lij =4 —1 if g;is abase gene iB" and None Otherwise

g; is its neighborhood gene and

(g:,9;) is a N, from Dy — Dy; The above classification methodology does not depend on
1y9] )

the distribution of the samples among the classes 1 and 2.
This classifier does not assume that the gene to induce (or

] ) repress) consistently across all samples in at least orze dat
Now we define a binary operator denoted By, on two gt

N x N matricesT and U resulting in anN x 1 vector

0 Otherwise

R(T,U) = TAU = [Ry, Ry, ...,RN]T, where IIl. EVALUATION & RESULTS
N We applied the proposed methodology to the breast tumor
Z(U(AijBij) +1) affymetrix array data [16]. We used these procedures to find
j=1 ‘ differentially behaving genes to discriminate histolograde
R; =
g N and p53 gene status.
Z;(U(_AijBij) +1) A. Data Description & Problem Background
j=

. . . ) The data contains 257 affymetrix arrays, each array pro-

Performing GA(SS™) and LA(SS™) gives two VeCtors fileq the gene expression of one breast cancer patient. Each
G* and L* respectively.G:? gives the ratio of the number grray was annotated for the p53 gene mutational status
of agreements an_d the number of dlsagreements in the b§1§g3+, p53-), histologic grade (Gradel, Grade2, Grade 3)
geneg; and its neighborhood gene relationships between thg,q the survival information. Table Il summarized the data
sample and the neighborhood matfix Similar interpreta- gjstribution into various classes and combinations ofsgas
tion holds for L. o , Human breast tumors are diverse in their natural history

Now the sample has to be classified into either class 1 gfq i their responsiveness to treatments. In generadreit
class 2 orNone based on the vectors® and L°. We treat  preast cancer patient will get different treatment depegdi
eachG? (L7) as a classifier, where gepeis a base gene in o the histologic features of the breast cancer, such as its

BX. . o type and grade. Treatment decision will also be based on the
Based on our gene selection criterion, we expect theyenotypic characteristic of the tumor, such as the presenc
following relationships to hold fof < {1,2} of estrogen receptor (ER+) and HER-2/neu oncogene status.
Pr(U(S.S) = Gap|Cs =1, Gap #0) S 14+ T3 In this paper, we will be looking at two of the important
Pr(U(S,8) # Gup|Cs = i,Gap £0) — 1 —Ts_; relevant prognostic and treatment-guiding markers: (13 p5

status, an apoptotic gene acts as a break on cell prolferati
Pr(U(SaSy) = Lap|Cs =i, Lay #0) _ 1+7T; whose loss of function may cause uncontrolled growth of

Pr(U(S.Sp) # Lap|Cs =i, Lap #0) — 1 =T, abnormal cells leading to poor prognosis [15]; and, (2)



TABLE IIl
C. Results
DATA DISTRIBUTION INTO VARIOUS TUMOR STATUS CLASSES
We applied DiffFNs method both on Grade3-Gradel pair
(i.,e. D; = Grade3,D, = Gradel) and on (p53+)-(p53-)
pair (i.e. D; = p53+, Dy = p53-). We developed classifiers
independently using the genes with the relationships gaine

Status | p53+ | p53- | G1 | G2 | G3

pS3+ | 59 0 | 3] 24 31 from G3 to G1 and p53+ to p53-. The reason for this choice is
that in Gradel/p53- there is a control over cancer prograssi
p53- 198 | 66 | 105 | 23 which may be lost in Grade3/p53+. These relationships
signify the processes which are to be active to keep the cell
G1 20| o 0 differentiation and proliferation under control whosedasn

lead to cancer.

a) Majority Induction-Repression Classifier\We per-
formed independent analyses of discriminating Grade3 from
Gradel and p53+ from p53-. We have chosen the base genes
G3 55 whose median gain of FNs from Grade3 to Gradel is more
than 100 which resulted in 1105 genes. Similarly, we have
chosen base genes for p53+ to p53- case which resulted
in 457 genes. The number of common genes among these
Grade, divided in to G1, G2 and G3 in the order of theitwo sets is 358. Since the overlap is so high, we built the
sevearity according to The Scarf-Bloom-Rich ardson systemassifiers based on these 358 genes. The classifier with the

G2 129 | O

[71. threshold parameters @fh; = T'h, = 0 was designed. Table
IV shows both misclassification and independent survival
B. Methods analysis. The performance on Grade is not as good as in

We take both direct and indirect evaluation to assess olp3 case. The p-value of separation of survival times has
methodology on the above dataset. The direct evaluationifproved by a factor of 100 and the likelihood ratio has
misclassification rate. The indirect evidence is the cless  improved by a factor of 2.5.
ability to provide a classification which can correlate the  b) Neighborhood classifier:We applied our method-
redefined classification with the survival. The basis of thislogy with thresholds’; = 0.6,7> = 0.3,7;,, = 0.6, and
survival prediction is that pathologist’s decision on thewe 7, = 0.7 to discriminate Grade3 from Gradel and p53+
classification may not always be reliable. For example, p5Bom p53-. The analysis carried out using these independent
status indicates only the DNA sequence level mutation statusets does not show good improvement of the predictability
The function of p53 may be inactivated because of severaf the survival.
reasons that can be attributed to its up/down-stream genesSo, we selected those relationships which are gained from
in its pathway or to the post-translational modificationr FoGrade3 to Gradel as well as from p53+ to p53- and con-
p53 related assessment of treatment and survival, we nedutcted the neighborhood reduction and classification analy
to assess whether the functionality of p53 in the context ¢fis. We have chosen the base genes whose neighborhoods
breast cancer is active. Similar arguments hold for theegradontain at least 30 genes. This resulted in 4 base genes with
status of the tumor. Hence we give more weightage to theeighborhood strengths, in the decreasing order, 105899,3
survival separability than mere misclassification rate ras iand 30. The complete results are shown in Table V. The
[16]. Moreover, we allowed some samples to be assigned mesults here are as surprisingly better as shown in the case
class since the status information is not really of binary ief Majority Induction-Repression Classifiabove except on
nature. We allowed our classifier to treat the border cases giade.
unclassified. Of the four neighborhoods selected above, the base

To assess the survival separability of a certain clasdificat genes with a lot of neighborhood genes are enriched
of samples, we use Cox model Propotional Hazard (CoxPHY) cell cycle associated genes. For example, the
p-value [14] and likelihood ratio (LHR) test [18] betweermtw neighborhood of CRK7 contains 10 cell-cycle associated
classes. A Cox model provides an estimate of the treatmeggnes. This enrichment is significant at the p-value of
effect on survival after adjustment for other explanatory.69 x 10~8. The neighborhood of the base gene PPARBP
variables. It allows us to estimate the hazard (or risk) d6 enriched in cancer associated genes, it is significant
death, or other event of interest, for individuals, givenith at the p-value ofl0~*. We used cancer gene database
prognostic variables. From a set of observed survival timdgttp://caroll.vjf.cnrs.fr/cancergene/RETRI1.html)orf the
(including censored times) in a sample of individuals, wanlysis of this neighborhood. It does not have any cell cycle
can estimate the proportion of the population of such peoplssociated genes in its neighborhood. PPARBP itself is a
who would survive a given length of time under the saméreast cancer related gene which is known to get amplified in
circumstances. This method is called the product limit dbreast cancers and to regulate the p53 associated apoptosis
Kaplan-Meier method. Of these 10 cancer related genes, four are p53 associated



TABLE IV
CLASSIFICATION AND SURVIVAL PREDICTION SUMMARY FORMajority
Induction-Repression Classifiefhy = Thy = 0,77 = 0.6,72 = 0.3.
THE NUMBERS SHOWN IN THE PARATHESES ARE THE CLASSIFICATION
OF GRADE2 INTO GRADEL AND 3.

TABLE V
CLASSIFICATION AND SURVIVAL PREDICTION SUMMARY FOR
Neighborhood classifielBEVELOPED BASED ON THE COMMON
NEIGHBORHOODS BETWEENGRADE3 TO GRADE1 AND P53+ TO P53-.
T1 =0.6,T> = 0.3,Tn, = 0.6, and T), = 0.7. THE NUMBERS SHOWN

IN THE PARATHESES ARE THE CLASSIFICATION OFGRADE2 INTO

Groupl Grade3 p53+ GRADEL AND 3.
Group2 Gradel p53-
Groupl Grade3| p53+
2 1 -
Misclassified in Groupl| 4 (32) 22 Group Grade P53
Misclassified in Group2| 3 (97) 34 . e
Misclassified in Groupl| 4 (14) 2
Unclassified in Groupl 0 0 Misclassified in Group2| 1 (50) 10
Unclassified in Group2 0 0 e
Unclassified in Groupl 33 37
Original CoxPH p-value| 3 x 10~4 | 7 x 10~3 Unclassified in Group2| 16 &
. . -5 : -5
New CoxPH p-value | 6 x 107 | 6 x 10 Original CoxPH p-value| 0.0003 | 0.007
Original LHR 15.2 6.63 New CoxPH p-value 0.002 0.0002
New LHR 156 16.1 Original LHR 15.2 6.6
Original LHR P-value | 1 x 1074 0.01 New LHR o4 14.4
: -5 -5
New LHR P-value 8 x10 6x10 Original LHR P-value | 10—* 0.01
New LHR P-value 0.002 | 0.00015

genes whose p-value Bx 1073 i.e. probability of getting
at least 4 p53 related genes if we randomly picked up 10
cancer associated genes from this database of 2600 canskrgene-gene relationships as attributes for classificatio
genes. We applied our methodology to reclassify p53 status whose
We examined the misclassification rate of each of thodabels given by pathologists could be wrong and shown that
neighborhoods and found that the PPARBP neighborhoabe reclassification of these samples into p53- and p53+ did
gives the lowest misclassification rate consistently fdr akignificantly better than the original labels assigned by th
datasets i.e. Grade and p53. To examine its ability to predipathologists. DiffFNs method found a gene, PPARBP, that
the survival, we used PPARBP and its neighborhood alorig involved in p53-dependent apoptosis to be the best base
as a classifier and the results are shown in Table VI. fene and the classifier built performed very well on p53 label
shows that the results on p53 label prediction and survivgkediction. The neighborhood of PPARBP involves four p53
are better than the ensemble of base gene classifiers whikssociated genes and 6 other cancer associated genes whose
the performance on grade degraded. This could be becausgnificance would have been buried had we used traditional
PPARBP and its neighborhood are specific to p53 than ttetatistical tests like 2-group t-test.
grade. The methodology needs to be improved in the sense of re-
ducing base genes by automatically finding non-overlapping
neighborhoods which could be more optimal than the one
We proposed a novel supervised gene selection aRgesented in this paper. The proposed method has to be
classification scheme callddifferential Friendly Neighbors further validated on other datasets. The method has to be
algorithm. Unlike conventional approaches which discovegxamined to study the effect of various parameters on the

genes differentially expressed in different groups of s@s\p results and the data properties like mislabeling also.
this algorithm discovers genes which exhibit differential

relationships with the other genes among different groups
of samples. The approach to classify samples is also dif-
ferent from the regular approach of gene-expression basedWe thank Joshy George, Vega and Edison Liu for their
classification. The approach used in DiffENs is gain or losgaluable and timely suggestions during this work.

IV. CONCLUSIONS& FUTURE WORK

V. ACKNOWLEDGEMENTS



TABLE VI
CLASSIFICATION AND SURVIVAL PREDICTION SUMMARY FOR

Neighborhood classifiebEVELOPED BASED ONPPARBP'S COMMON

NEIGHBORHOOD BETWEENGRADE3 TO GRADE1 AND P53+ TO

P53-T,, = 0.2. THE NUMBERS SHOWN IN THE PARATHESES ARE THE
CLASSIFICATION OF GRADE2 INTO GRADEL AND 3.
Groupl Grade3 p53+
Group2 Gradel p53-
Misclassified in Groupl| 2 (60) 0
Misclassified in Group2| 8 (38) 60
Unclassified in Groupl 4 3
Unclassified in Group2 13 48
Original CoxPH p-value| 0.0003 0.007
New CoxPH p-value | 0.006 | 2 x 10~%
Original LHR 15.2 6.6
New LHR 8 18.2
Original LHR P-value | 0.0001 0.01
New LHR P-value 0.005 | 2 x107°
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