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Abstract — This article considers the gene ranking algorithm
for the microarray data. The rank vector is estimated by
classifications of the random data samples. At each iteration, the
ranks of genes participating in the successful classification
become higher. Unlike other methods of feature selection, the
proposed algorithm allows increasing the generality of the
classification models by construction of the balanced training
samples and taking into account the descriptiveness of the gene
combinations by the subset estimation.
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[. INTRODUCTION

The improvement of the cancer diagnostics is one of the
topmost aims in medicine. The defined diagnosis is the basis
for the selection of the treatment protocol in order to
simultaneously maximize the treatment efficiency and
minimize the toxicity. Recently, the great attention is paid to
the investigation of the potential of the cancer cell genetic
information for adjustment of existing cancer subtypes and
discovery of the new cancer subtypes at the molecular level.
The results will aid in more accurate discrimination of cancer
and will assist in more effective therapy.

Microarray technology presents the new era of
biotechnologies and allows measuring the expression of
thousands of genes simultaneously. Microarray data give the
rich material for the deep understanding of differences
between tumour subtypes at the molecular level and thereafter
their more reliable classification. Microarray data are used
both to determine up-regulated and down-regulated genes
relative to the cancer subtypes under investigation and to
identify gene signatures or biomarkers for the clinical
diagnostics and prognosis [1-2].

Unfortunately, the information extraction from such kind of
data is hampered by the strong imbalance between the number
of samples (usually less than hundred) and the number of
genes (usually tens of thousands). This discrepancy as a rule
leads to overfitting, namely, the construction of the
classification model with poor generality (low accuracy on
independent set of data) [3]. Moreover, the microarray data
enclose as a rule the measurement and systematic errors,
which can considerably influence the classification accuracy.
Therefore, the classification process as well as clustering must
be preceded by the feature space preprocessing, which in our
context means the process of feature (gene) selection by their
ranking or feature reduction [4].

The methods of feature selection for the tasks of cancer
diagnostics as well as for all classification tasks are divided

into two major groups: filter and wrapper methods [5]. Filter
methods allow for the deletion of the uninformative features
according to general data characteristics. They are
computationally simpler and are not connected to a particular
classification algorithm. The wrapper methods imply the use
of the classification algorithm in the process of feature subset
selection, which simultaneously improves the classification
accuracy. The limitation of the wrapper methods is the high
computational complexity, caused by the repeated application
of classification algorithm during the selection process. For
the informative gene subset selection, both the filter methods,
e.g., standard parametric tests (t-test [6]) or nonparametric
tests (Wilcoxon signed-rank test [7]) and the wrapper methods
[8-9] are used in the literature.

However, very often the subsets of the selected genes are
greatly differentiated by different researchers that can be the
result of both the discrepancy of analysed data dimensions and
the ignoring of gene dependencies. To date, there are not
unique recommendations on the methods of informative gene
selection that are more adequate for a particular dataset [10].
The algorithm of gene selection proposed in our research
allows overcoming the shortages of both the filter and wrapper
approaches and is based on gene ranking by classification of
repeated random samples from the initial dataset. The
algorithm possesses the following advantages: it avoids the
overfitting through forming the low-dimensional training
matrices with predominance of sample number to the number
of genes; it takes into account the informativity of gene
combinations through feature subset estimation by a
classification algorithm.

The paper presents the results of testing the algorithm on
the leukaemia dataset, verification of the biological
significance of the twenty top-ranked genes and a comparative
analysis with similar studies of other authors.

II. ALGORITHM DESCRIPTION

Let X,,,, be the initial matrix of gene expression, where
M is the number of genes, N is the number of samples or
data objects. X, = (X ,%7,...,x"),i=1,M is a vector of gene
values for N samples or gene profile. Each data object is
marked by the class label and in our research belongs to one of
two classes. The algorithm can be automatically extended on
datasets with more than two classes. Let us denote
N;, =12 as the number of data objects of i th class, then

N=N,+N,.

95



Information Technology and Management Science

2013/16

The algorithm performs the feature ranking by classification
of repeated random samples from initial gene expression
matrix X,, . - To form the sample, the process of two-way

bootstrapping is applied, namely m<M genes and n< N
data objects are selected simultaneously from the initial
matrix. The number of selected objects is defined by the
parameter [, the number of genes is such that m<n/2 .

Two-way bootstrapping scheme gives the possibility at each
iteration k to form balanced matrix Y* , which according to

mxn ?
research in [3] is less probable to overtraining. The number of
iterations K is defined such that each gene in the dataset is
selected the number of times sufficient to assess its rank. In
addition to the number of iteration, the value of correlation
between the rank vectors at the current and preceding iteration
steps is used as another stopping criterion.
At each following step of iteration process, i.e., after the

predefined number of iterations k., the output matrix Ef ,
is formed, which has the number of rows equal to the initial

number of genes (i=1,M ) and four columns. The value of
the first column T, (i :I,_M) corresponds to the number of
times the gene i is included into the random samples after

subsequent Kk, iterations. The second column S (i :L_M)

iter
values correspond to the number of times the gene is selected
into the successful classification model. The successful
classification model is the model with the classification error
less than the predefined value of parameter « . The i th value

of the third column P*=SY/T* (i=1,M ) presents the
predictive power of the ith gene and the forth column R’ (

i =1,M ) contains the gene rank values calculated on the basis
of P“ after each k

F’ik (|:1,M ) are more informative and, therefore, have a

e iterations. Genes with higher values of

higher rank. Each iteration k =1, K of the algorithm consists
in the following steps:
1. To construct the random sample YV

mxn

at the k th
iteration, the two-way bootstrapping procedure for the
selection of rows and columns from the initial matrix X, is

performed. The matrix Y

e consists of m randomly selected

genes from the whole set of cardinality M , n, samples from
N, initial objects of the first class and n, samples from N,
initial objects of the second class, suchas n, /N, =n,/N, =
, N+n,=nu m<n. As a result, the training set of n data
objects and the testing set of N —n data objects are formed.

2. Training matrix Y* is classified using the nearest

shrunken centroid method [11]. The cross-validation
procedure is applied to search for the optimal classifier with

minimal classification error on the training sample Y*

mxn

mxn *©

Cross-validation allows defining the threshold value A* |
which corresponds to the lowest classification error, achieved
with the fewest number of genes in the subset X,X,,...,X ,

where |<m The resultant classification model
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Ck=f(x,X,
with N —n data objects.
calculated as in (1).

.,X) is subsequently verified on the test set
The classification error e is

« FP+FN
g =r———

N-n ~ M

where FP —type [ error, FN — type II error.

When the minimal classifier error on the training set for all
possible threshold values A* and gene subsets X,X,,...,X, ,
I <m exceeds the value « , then the verification on the
testing set is bypassed and the execution proceeds to step 4.

3. If the classification error on the test set e <o, i.e., less
than a predefined threshold the classification model is
assumed as successful and the output matrix E,, , is updated

as follows. At first, for each gene X, in matrix Y¥ , analysed

mxn 2
at the K th iteration the corresponding gene in E,, , is defined
and the values of columns T',S/ u P* are sequentially

modified as follows:

Tk: Tik71+1$ XiE(Xl,Xz,...,Xm)
I Tik_l’ Xie(xlaxza""xm)
gk ST L X e(XuXyseens X)) @
' S X # (X Xy n X))
k k k
=5/T".
4. If the classification error on the test set € > &, i.e., more

than a predefined threshold the classification model is
assumed as non-predictive and the selected genes as
uninformative. The model is defined as overfitted on the
training set and is discarded. The values of the columns

TX,S¥ u P* of the output matrix E,, , for each gene from

the selected subset (X,,X,,...,X,) are modified as follows:

_— T4, X € (X Xyseis X))

i T X 2 (X X s X))
Sik :Sik—l (3)
“=S//T".

The rank values are defined by sorting the gene prognostic
values P*, i=1,M in descending order and are stored in the
column R,k, i=1,M of the output matrix E

After each k,,

and the difference between the rank vector R* at k th

Mx4
iteration, the rank vector is repeatedly updated

iteration and rank vector R*" at k* th iteration, where
k* =k -k, , is estimated using the Spearman rank correlation
coefficient like in (4).

(@R
(]

The algorithm stops if the correlation coefficient r > y (e.g.,
7 =0.99), i.e., the rank vector is stabilized.

r=1-6>" 4)
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III. DATASETS AND EXPERIMENTS

In our research we used the real Leukaemia dataset [12] to
test the proposed gene ranking algorithm and to conduct the
comparative analysis of the results. The Leukaemia dataset
includes the bone marrow samples obtained from acute
leukaemia patients at the time of diagnosis: 25 acute myeloid
leukaemia (AML) samples and 47 acute lymphoblastic
leukaemia (ALL) (24 acute 9 T-lineage acute lymphoblastic
leukaemia samples; and 38 B-lineage ALL samples),
characterized by expression of 7129 genes. According to the
protocol in [13] the preprocessing steps include:

1) thresholding with minimal expression value of 100 and
maximal expression value of 1600;

2) filtering the genes according to one of the conditions:
max/min <5 or (max—min)<500 , where max - a
maximum expression value and min — a minimum expression
value;

3) logarithm transformation of gene values. After
preprocessing, 3571 genes were selected. The dataset can be
downloaded from the website [14].

For the experiment the following parameters were selected:
the number of iterations K =300000, the threshold value of
the classification error o =0.2 , the fraction of samples
randomly selected from the initial dataset at each iteration
£ =0.7, the number of iterations k. =20000 between the

iter
estimations of the stopping condition using the correlation
coefficient with a threshold value r =0.09. After each k.

iter

iteration, the output matrix E,, , was updated. Twenty top-

ranked genes, received as a result of the experiment, are
presented in Table 1.

TABLE I
DESCRIPTION OF THE TOP-RANKED GENES
No. Gene definition Description INo.| Gene definition Description

1 | Cd33 Myeloid cell surface antigen 11 | DNTT DNA nucleotidylexotransferase
2 | ZYX Zyxin 12 | MARCKSLI1 | MARCKS-related protein
3 | APLP2 amyloid beta (A4) precursor-like protein2 |13 | CD79A CD79a molecule, immunoglobulin-associated alpha
4 | CST3 CST3 14 | CTSA cathepsin A
5 | MGSTI microsomal glutathione S-transferase 1 15 | CSTA cystatin A (stefin A)
6 | CTSD Cathepsin D 16 | SERPINBI1 serpin peptidase inhibitor, clade B (ovalbumin), member 1
7 | CED Adipsin 17 | FAH Fumarylacetoacetate hydrolase
8 | CCND3 cyclin D3 18 | CFP complement factor properdin
9 | CD63 Lysosomal-associated membrane protein 3 |19 | VPREBI1 pre-B lymphocyte 1
10 | TCF3 Transcription factor E2-alpha 20 | SPTANI1 spectrin, alpha, non-erythrocytic 1

21 | MPO myeloperoxidase

The classification models were constructed for each of the
twenty gene subsets for the whole dataset, starting from the
one-element subset, which consists of one top-ranked gene
(see Table I), and then by adding the genes successively from
the ranking list to form subsequent subsets. The classification
errors were estimated and the gene subset with the minimal
classification error was selected as the most informative one,
which could be considered the potential disease biomarkers.
Figure 1 shows the point graph of dependence of the
classification error on the number of the selected genes, taken
in the range from one to twenty.

According to error values (see Fig. 1) received using cross-
validation procedure on the whole dataset, the four genes can
be selected as the biomarkers (Cd33, Zyxin, APLP2, CST3).
The accuracy of the classifier using only four genes equals
98.6%. As shown in Fig. 1, the set of ten genes gives a lower
classification error, but requires the expression assessment of
greater number of genes.

Claggificationerrors-{numberoferrora):
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— ||III‘||..-....0....
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Fig. 1. Classification errors for number of genes from two to twenty
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The comparative analysis of the results of the proposed
algorithm has shown its efficiency in recognizing the most
informative genes, which are also present in the gene lists in

[15-18]. In addition, the proposed algorithm reaches the
comparative classification accuracy (using the cross-validation
procedure) using a smaller number of genes (Table II).

TABLE I
COMPARATIVE ANALYSIS OF THE DIFFERENT FEATURE SELECTION METHODS

Classification accuracy Number of genes
HBE method [15] 97.2% 4 genes
Method [16] 98.6% 132 genes
Method [17] 98.6% 3 gene clusters (the cluster size is from 1 up to 23 genes)
Proposed algorithm | 98.6% 4 genes

IV. BIOLOGICAL SIGNIFICANCE OF THE SELECTED GENES

In order to assess the biological significance of the results,
the ranked gene subset consisting of twenty most informative
genes was analysed using a web knowledge resource for
innate immunity interactions and pathways InnateDB
(http://www.innatedb.ca). The potential functional
interconnection of the gene subset with the disease phenotype
and the biological pathways were revealed. The pathway over-
representation analysis allowed defining the pathways that
were significantly presented in the selected gene subset. The
significance of the gene participation in the particular
biological process was estimated by the p-value. According to
the analysis, two (adipsin CFD and complement factor
properdin CFP) out of the twenty genes take part in the
alternative complement pathway, infectious agent suppression
(p-level = 0.00006). In [18], adipsin was also selected as a
biomarker of the leukaemia subtype, its role in the myeloid
cell differentiation was described.

Two out of 20 genes (CD33 and DNTT) are of the
hematopoietic cell lineage (p-level = 0.00429). CD33 is a
transmembrane receptor expressed on cells of myeloid lineage
and is usually considered myeloid-specific, but it can also be
found on some lymphoid cells [19]. DNTT
(deoxynucleotidyltransferase) is expressed in a restricted
population of normal and malignant pre-B and pre-T
lymphocytes during early differentiation.

Two genes of the subset (cyclin D3 u CD79A) are the
members of the B Cell receptor signalling and cell cycle
pathways (p-level = 0.01489). The cyclin D3 gene together
with zyxin takes part in the process of Focal adhesion (p-
level = 0.0225). In [20], zyxin was selected as a biomarker of
the leukaemia phenotypes. The expression level of zyxin is
important for the leukaemia subtype differentiation, but its
role in hematopoiesis has not been reported. Zyxin proteins
may regulate gene transcription by interaction with
transcription factors.

According to the results of the biological significance
analysis, the twenty top-ranked genes selected using the
proposed algorithm are functionally important both for the
process of hemopoietic cell differentiation and for the cancer
pathogenesis. Most genes from the resultant gene subset are
selected as biomarkers to recognize the leukaemia subtypes in
several other studies [18-20].
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V. ESTIMATION OF THE ALGORITHM CONVERGENCE

To define the optimal prognostic value of each gene, it is
necessary to estimate all the possible samples of m genes out
of initial data matrix Xuxn , namely
Cy =(M-1)¥/(m—-1)!{(M -m)! different combinations,
which require about O(M !) computations and take the
enormous computational resources. The heuristic approach to
estimate the prognostic quality of genes used in the proposed
algorithm allows assessing the gene prognostic values with a
smaller number of iterations, using the repeated analysis of the
randomly selected data samples with m << M genes from the
initial matrix X, . Therefore, it is necessary to analyse the
convergence of the proposed algorithm and its ability to
receive the reliable estimation of the ranked prognostic values.
For this purpose, we have analysed the variation of the rank
vector for different number of iterations. As shown in Fig. 2,
for twenty genes at the top of the ranked list their rank order
differs a lot after 20000 and 40000 iterations.

However, after approximately 200000 iterations the rank
order of genes is stabilized without significant changes.
Therefore, the proposed algorithm converges to near optimal
solution and is able to perform the reliable gene ranking, using
a relatively small number of iterations.

VI. CONCLUSION

The proposed algorithm allows selecting the most
informative genes by ranking, where the stability of the ranks
of individual genes is ensured by estimation of multiple
samples from an initial data matrix. Such an approach helps to
avoid overfitting and enables the unbiased estimate of the
vector of ranks. At each iteration, the classification model
constructed on the randomly generated training sample is
verified on the test sample. The classification accuracy is the
indicator of the prognostic ability of the individual genes.
After the successful classification, the ranks of the
participating genes become higher, meanwhile the search for
the optimal ranking is performed not for each individual gene,
but for the whole combination. The output matrix is modified
after the pre-determined number of iterations, registering both
the prognostic ability and the ranks of the individual genes.
The stability of the rank vector serves as an optimality
criterion and is estimated by computing Spearman correlation
coefficient between the current and previous rank order.
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Fig. 2. Rank order of the twenty genes at each checkpoint of iteration number

The proposed algorithm has been tested on the leukaemia
dataset and its convergence is analysed considering the twenty
top-ranked genes. The analysis of the biological significance
of the investigated gene subset allows confirming its obvious
functional relevance to the phenotype it predicts and the
processes taking place in the leukemic cells. It assures that the
top-ranked genes are highly unlikely to be selected by chance.
The comparative analysis of the developed algorithm on the
leukaemia dataset shows its advantage over analogues, notably
the selected set of biomarkers is smaller, consisting of four
genes, which provide similar or higher classification accuracy.
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Natalija Novoselova, Igors Toms, Arkadijs Borisovs, Inese Polaka. Ipasibu ranZe$ana, izmantojot daudzéjadu datu kopu klasifikacijas precizitates
vertéjumu

Raksta izskatits génu ranzg$anas algoritms, kuru var izmantot ar datiem, kas iegtiti no mikro¢ipu tehnologijas pielicto$anas. Piedavatais algoritms lauj noteikt
informativakos génus génu ekspresijas datos, turklat atseviSku génu rangu nozimes stabilitati garanté vairakkartgjs noveértéjums datu kopas, kas iegiitas no
sakotngjas datu kopas. Tas lauj izvairities no parapmacibas un nerada nobides rangu vektora atzimés. Atbilstosi algoritmam, katra iteracija klasifikacija tiek
veikta apmacibas datu kopa, kura gadijuma veida izveidota no sakotngjas datu kopas, ka ar1 tiek veikta klasifikacijas modela verifikacija, izmantojot testa datu
kopu. Klasifikacijas precizitate ir mérs, péc kura noverté atlasito génu prognostiskas Ipasibas. Katra nakamaja algoritma iteracija rangs géniem, kas piedalijas
veiksmiga klasifikacija, tiek paaugstinats, turklat optimala aranz&juma mekl€Sana notiek nevis katram g€nam atseviski, bet gan visai atlasitajai kombinacijai.
Izejas matrica tiek modificéta péc noteikta iteraciju skaita izpildiSanas, fiksgjot gan tas prognostiskas sp&jas, gan atsevisku génu rangu. Rangu vektora
optimalitates kritérijs ir ta veértibu stabilizacija, kuru novérté, izmantojot Spirmena korelacijas koeficientu. Piedavatais algoritms ir notestéts, izmantojot
leik€mijas datu kopu, un ir veikta algoritma saderibas novértésana, izmantojot 20 génus, kas atrodas ranz&ta saraksta augSpuse. Tika novertéta apskatitas atlasito
génu apakskopas biologiska nozime, kas Jauj izdarit secindgjumus par to cieSo saistibu ar procesiem, kas notiek leikeémijas §inas. Sada veida var secinat, ka
atlasitie géni ar augstako ranga vietu nav izv€léti nejausi. Salidzino$a analize ar citu autoru darbiem, kas Tstenoti, izmantojot So pasu datu kopu, uzradija
piedavata algoritma prieksrocibu, jo, izmantojot to, tika atlasita vismazaka biomarkieru kopa, kas saturja Cetrus génus un nodro$inaja Iidzvertigu vai labaku
klasifikacijas precizitati.

Hataabs Hosocenosa, Urops Tom, Apkaauii Bopucos, Unece Ioasika. Pan:xkupoBaHue NPU3HAKOB /151 00Hapy keHHs1 (MOMapKepOB B JAHHBIX I'eHHOI
JKCNpeccHH

B craree paccmarpuBaeTcs ajdropuTM PaHXXUPOBAHUS FEHOB, MOJYYEHHBIX C UCIIOIb30BAHUEM TEXHOJIOIMU MUKPOYHUIIOB. [IpeanokeH bl allropuT™ HO3BOJISIET
BBIICIATh HauOonee MH(OPMATUBHBIE T'CHbI B JAHHBIX T'€HHOW OSKCIIPECCHH, HMPHUYEM CTaOWIBHOCTh 3HAYCHUH DPAHTOB OTACIBHBIX T'€HOB OOYCIOBIICHA
MHOTOKpPAaTHOH OIEHKOH BHIOOPOK M3 MCXOMHOI MaTpHUIBI JaHHBIX, YTO IIOMOTaeT H30eXkaTh Iepeo0ydeHNs] U CIIOCOOCTBYET IOIYUSHUIO HECMEIEHHBIX OL[EHOK
BeKTopa paHroB. COITIACHO alrOPUTMY, Ha KaXIOH MTEpaIMyl BBIIOIHACTCS KiIacCH(HUKALUS CIydaiHBIM 00pa3oM copMHUpOBaHHON oOydaronieil BHIOOPKHU ¢
BepudUKanueld Kiaccu(pHUKAIHOHHON MOJeIH Ha TecTOBOil BhIOOpKe. TOYHOCTH KIIACCH(HKALUM SBISACTCS MOKAa3aTelNeM IPOTHOCTHYECKOW CIOCOOHOCTH
0TOOpaHHBIX IeHoB. Ha kaxjoif mocnienyromeil uTepaluy aaropuT™Ma paHr TeHOB, YYAaCTBYIOIHUX B YCIICIIHON KIacCH(HKAINY IIOBBIIIACTCS, IIPU 9TOM HOHCK
ONTHMAJILHOTO PAH)KHPOBAHUS OCYINECTBISICTCS HE JUIsI KaKIOro IeHa B OTHENBHOCTH, a Ul Bcel OTOOpaHHOW KOMOWHAIMH. BbIXoxHas Marpuna
MOJM(UIUPYETCs 1OCIIE BBINOJIHEHHS 3aJaHHOTO KOJIMYECTBA MTEpalMii, (UKCHUPYsS KaK MPOTHOCTHUYECKYIO CIHOCOOHOCTh, TAaK U PAaHI OTHENBHBIX I'CHOB.
Kputeprem oNTUMAIBHOCTH BEKTOPA PAHTOB SIBISETCS CTAOMIM3AIMs €T0 3HAYCHHI, YTO OLCHUBACTCS C HCIOJb30BaHHEM KpHTepHs Koppeminuu CrupMmeHa.
IIpenyiokeHHBI  QJITOPUTM HPOTECTHPOBAH Ha Habope MAHHBIX IO JICHKEMHUH, W NPOBEIECHA OLEHKAa CXOAUMOCTH aIroputMa Ha npumepe 20 TeHOB,
PACIIOJIOKEHHBIX BBEPXY PaH)XHPOBaHHOro crmcka. OleHeHa OWoloruyeckas 3HAYMMOCTb MCCICAYEMOro IOJMHOXKECTBA OTOOpPAHHBIX T'€HOB, KOTOpas
MIO3BOJISIET CENAaTh BBIBOJ 00 UX TECHOI CBSI3H C MPOLECCaMHU, IPOUCXOIIINMY B ISHKeMHYeCKHX KiIeTkaX. TakuMm o6pa3oM, 0TOOpaHHbIE TeHBI ¢ HAUBBICIIHM
PAaHTOM HE SBIISIOTCS PE3YNIbTATOM CllydaifHoro or6opa. CpaBHHTENbHBINH aHaNN3 ¢ paboTaMH JIPYrHX aBTOPOB IO HCCIENyeMOMY HabOpy JaHHBIX MOKa3ai
MPEUMYLIECTBO NPEAI0KEHHOIO HAMHU alrOpUTMa, TaK Kak IOCJe ero NpHMMEHEHHs ObUIO OTOOPAaHO HaMMEHbILEE MOJMHOKECTBO M3 UEThIpEX OHMOMapKepoB,
00€eCIIeunBaIONINX CX0XKYIO HIH JIy4IIyI0 TOYHOCTD KIaCCH(MHUKAIINH.
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