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Abstract—An imporvtant problem for doctors is to identity
a small set of usetul biomarkers {not all related genes) that
can discriminate between diffevent subgroups of cancers which
appear similar in rogtine histology, Here we propose o method o
simulianeous feature/pene selection and rule gencration for the
same problem. Since the feature selection method is integrated
infe the rule base tuning, it ean account for possible subtle
nonlinear inlersclion helween fealyres as well as thal belween
feptures amdl the tool. and hence can identify & useful sct
of features for the task at hand. We applied onr method to
find biomarkers for a group of four childhood cancers that is

callectively known ax el mownd Slee cell sgmors, For Lhis dala

set first we have used 5 neural network to reduce the dimension
of the data and then applied our method to find biomarkers
and rules, Our systemy could find only elght genes including a
novel gene thal can do the disgnostie prediclion sk with a
high acenracy. The svstem can be extended to non-classification
applications alsa,

fadex Termi— Tdentification of Biomarkers, Fuzsy roles, Can-
eer Subgroups, Gene Seleclion

[ INTROTAICTION

The worldwide incidence rates of childhood cancers vary
between 155 per million persens {in Migeriay and 40 per mil-
Heon persows (i (e Indian populalien of Fiji) [6], [5], Belweru
different clildhood cancers, e group of amall ronnd blee cell
mmers {SRECTs) is the third mest frequently oconrring tvpe
(1R%S. The SRBOCT zrenp conzists of nenrchlastema (W,
T4, non-Hodskin lviophoms (WHL,6% ), thabdory osaroarn,
(RMS, 3%, and Ewing sarcoma (EWS, 2% [6]. [8]. Theae
heterngenesus Types of cancer present a similar histology of
sl Blue wowr cell aud s olien lends 0 oisdisgnosis,
Acourate diagnosis of these subgronps ia imnporant becanse the
treatment eprions, monitoring of the respenses and prognogis
iy vary widely bolween hese subgooups. For probleins
like SEBCT: gene expression Jata are extensively used for
categorization of cancers into different diagnostic subgronps
[11. 121, [3]. This preblem has heen aftempted o be sobved
by many rescarchers using different machioe learmog lools
inclnding neural nevworks, support vector machines, neareat
shrunken centroic methods [1]- [3]. Hewever, these methesds
annel help doclors in understanding (e inlerscion belween
genes that are identified as possible signatre of a particular
SRBCT type by a maching leaming tool. For other types of
caperrs also wmny relbsds soe opesed Lor ideoliosion of
bicrarkers [17, [9], [10], [24] and those methods alao nsnally
auffer from the same problem.

Nikhil R. Fal iz with the Electronice and Commmicariom Scignce:
Unit, Ivdsan Statistical Institore, 203, B.T, Boad, Cakotta- 700108, {Emadl:
nikhil@isical acint

Fuzey mule based svslerus allboush are cosily undorstand-
able by doctors, these have not been adequately explored to
solvee such problems in boinformatics. Aoother very alirac-
Ave athibule of gy role based swsleme lor such crlcal
applications is that fuzzy systems are not likely to make poor
generalization because of its logical reasoning architecture.
I tlds stody we [ocus oo classifionlion of vardous sooups of
SRBOT childhood cancers. We intend to identity a small set
of hicmarkers to design Aerian readable diagnostic prediction
svslerns for elazsifcation of the [our catezores of SEBCTs.

Gooe cxprossious profiles are vsually of very high dinen-
sion, Extraction of useful rules in such a high dimension
iz very difficolt, For the sake of argument, even if we as-
surne Bral woe can calract rules, [or Diodolormic sapplicalions
of this kind, such mles will not be much uszeful becanse
human beings cannot ioterpret mles even in 20 dimnension;
e question of mlerprelsbility of rules decs wel make woch
sense when the dimensionality is several thousamd. 5o there
is an important problem of reducing the dimension before
wiz can cxlract uselul diagoostc roles, Moreover, Tor o given

set of penes will be adequate. So we face two tasks: finding
a minimal sel of genes that bas an adeguote discrininating
powlr W calegorize Be subgroups and desizuing of o fiman
uhderstandable prediction system using the selected genes to
classify unseen examples.

Mowl supervized methods for [eslume selecdon izoore (e
learning machine that is used to design the prediction sys-
tem. Some methods, although, take into account the learning
machines, By remove one (or ool of [ealures) al o Qoo
i oa slepwise toanoer. duch a method caonol capture e
subtle nonlinear interactions that rmav exist between different
genesilalures and consvquently, one ends up wilh mere
features oo whal 33 pecded o golve Be pooblem, Tee of
exhaustive search in conjunction with the machine leaming
tool that will be used to design the final disgnostic systerm,
i prigciple, coan solve (e probled, bel iz cowgpelaloomly
prohibitive.

Io [22] we have proposed a method that uses neoral net-
wirks sod relaional lneey cluslening o Jigeemn o soaall sel
of genes with adequate discrimdnalive power, These scelecled
genes can be used to desizn wseful classifiers vsing several
machine learning tools,

T tlis paper wie mse g Jilferenl approach Tor simollapcous
featre/gene selection and fuzzy rule extraction. Our leaming
seherne can lake iolo account the sublle ioleraction belween
geovs dnd ey tole based sysleons, aod heoce can @mick op g
small set of discriminative genes and extract useful rules for
diagnostic prediction.



Il. SIMULTANECTS FEATURE SELECTION AND RULE
ExXTREACTION

= ¥ be an input vector and let
there be ¢ classes. Tet X = X, U X: 00X, X:n Xy =
Fi = 1, ..., be the training data, X he the training dafa
correaponding 1o class

Here we shall be considering clasaification rules of the
following form @ If o is HIGH and ... and =g is MEDIUM
then class is o & C [1L2 . e}l

In general, ft; :lt ey is A ;and .. and e is Ap; then class
is ki ke {1, % ... ¢} Here A;, is the ith fuzzy set (linguistic
va lue) dfﬁnerl om the jth feamre {lingnistic vardabled. |.et there
ke & = _y v mles, with v rles for class i,

The I'mn_.t,r strength of a mule is computed vsing a T nommn. Let
er; be the firing strengrh of the ith mle and d — ergroes; {o: ]
Suppese the d-th mle fiy is associated srith class & then x is
classified as from class k.

Our objecive bere is o eliminate the featuresfgeoes thal
have poor discriminating powerd that can comfitse the class
boundaries ¢ that are redundant, In [11] we proposed a nenral
nebwork based method for simullanecus feature selection and
swstemn identification that threugh the process of learning
medulates a feature value to zero, if the feanwe is bad or
redundant. However, we cannot use such a concept here as
zern memhbership vahie of any atemic antecedent. clause will
malke the firing strength of the asseciated rule equals 1o zero as
T, & )=0, Here we like to modulate the membership values
so lhat for o bad or redundsnl featvre the modulded me-
hership value trom the associated antecedent clanse hecomes
unity (1} because T(Ll, o) = «. If we can do se, then the
agsociated mwembership valve will not have any ellect oo the
firing strengrh of the rale. In order o eliminate the etfect
of a badiredundant feature completely, for every membership
function defined on that feature the modolated membership

Facts gt
Let x — (a0, 0 mp)

value shonld be unity or very close toounity irespective of

the valie of the lingnistic variable. In |7] we atempted 1o
solve this problem vsing the same basic principle with a 4-
laver newre-lugey syalean Such o peuro-fugey svelem sollers
from conflicting mles that need to be eliminated by some post-
processing after the initial system is extracted. Moreover, even
for moderate Iy high dimensional data, the network size grows
very rapidly and therehy limits itz practical utilizy. 1he methoed
proposed here eliminates all these problems.

In order to realize the proposed philosophy we use a
wiedulator [uncton : MU — exp{—A") The modulalid
mernbership valie is computed as pf ,u:‘\‘“ Here A is a
scalar varable and we call A the modulator parameter which
mwsdulates e memmberstdp valoe, g To mwake i cesr, lel
he a membership value associated with the jth membership
function deﬁ.ned on the ith feature. Then the m-:-dulatf-d ImEeIT-
bership value L,z. i3 corputed as uf — m ‘J'“"' Ael® . Mol
It for every Huguishc variuble there is exae tly oufumﬂulmm
irrespective of the number of linguistic values defined on that
variable,

Wow 10 A; s= 0 then p g T olwr words, wheo
Ag = 0, positive or negative, the modulated membership valnes
are nearly equal to ciginal membership values. But if the

magnitnde of A; is very high, then 1= 1, i.e., the medulated
mernbership valoes are nearly 1 irmespective ::I the origimal
mgrnlership values, Thus our objecive is o sel e oodulilor
to a high value (high magnitude) it the feamure is bad or
redundant and to zero or nearly zero, if the feature is important
for (e discdmdogtion sk, Woe achieve i through lesruing
using training data as explained next.

Before we describe the training process, a few other issues

need Lo be dizcussed, There are many T oorms, Prodoct
and minimwm are the two most commonly used I nomms
for computation of firing strengths, But use of product for
classification problems iz counterimuoitive, Let vs consider a
rule ;
If &y is Ay and @y 05 Ag and . >y is Ay then the class is k.
Suppose for an imput x — {x-_:rrc-“..,x‘..}?" each &, 1 =
1,2, .o bas w wmembershipp of 009 iu the respoctive luzey sel
Ay i = 1,2 e Thos, for this inpur i prediect is nsed as the
operator for intersection then the firing strength of the rule will
be {00437, Therelore, for a reasonably big o, the fring sheugth
rednees almost 1o zero, though each of the inpnt compoments
has a high membership of 0.% in the comresponding fuzzy set.
Therelore, the vse of product a3 an operater for inerseciion
is pel inleitively sppealiogg, Nole B, producl can do g good
job tor functien approximation type applications where the
defuzdfied output is computed as a convex combination of
the peaks of the oulpul [uesy sels,

Altheugh minimum is inmitively a very plansible intersec-
tion operator, it is not differentiable and hence we shall not
b alle Lo wse 1 1o our learming algomtion, So owe vae g soller
bt ditferentiable version of the minimmim, s i
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As ¢ — —oo, softmin tends to the minimum of all ;'
¢t — 1.2, ., Based on empirical exercises we found that ¢ —
—11 cun realice o very good approsiussion o the ooioiom
and that is what we use in all results reported. Thus, the firing
strenzth o of the ith mle A, is coopoted as ;

1
ampli— A, R

i e L (1)

Tl
.‘..-=1 -;

oy —

Tn (13, g4 i the membership value of the jth feature (o
the ith the membership function (associated with the ith mile)
defined on oz, Given an iilial sel of roles, Tor idenbiloslion
of redundantbad lealures we vae gradicot descenl raining (o
minimize the error function [19]:

BE =D o= (l-ccta) (2)
zeX we X

In place of {25 the usual square eroor lermn can alse be used,
I 2y, ar = X ds from e class e oand A, ds e role o class
¢ giving the maximum firing strength o, for o, Also K. is
the mle from the ineomwect classes having the maximurn fiing
strenglh o Do,

We use the online version of the algorithm where for each
input data, the modolators associated with the best and worst



rules are updated using the instantaneous error function K.
Mote that, if every rule has p amecedents then all modulators
will be wpdaled wilth cvery ioput, For polaliomal haity, unless
it is neaded, we shall drop the subscripr & from E.

The modulator values are randomly initialized snch that
the mochilated membership vales for all lingnistic vahes for
all possible wpul values are praclically 1, In ofer words, the
training is started with modulator values such that all features
pretend to e badfreduncant. Althowgh, the algorithm works
fwe even wlen all modulators aoe imlinlieed o e soue el
value, it is better 10 have some rndommess in their initial
cheices so that to st with no feamre is impomant bat their
imitial modnlaters are slightly ditferent.

The Modulator Learning Alsorithm

The ludug process is repeated owidl £ beeomes neesleible !
the classification error is satistactory S the maximum mumber
of iterations iz reached.

Fewin

Choose:  learming  parameier, .., & parameler  reduction
factor, ) = 2 - 1 mazimwm munber of iterations, reoxiler.

Compute the error P and misclassification M5 for the initial
rule base R,
t—1
While ( § < wariter) do
For each vector o = X
lincl the miles B, and fi_..
Maodity the parameters of rules and as follows.

For k=1 1o p
}I»_:-':‘:.'. e _,".I':"' — Phr, %ﬂﬁ'
§ £ O
End For
End For

Compute the error EY for the new rule base R,
Compute the misclasgfication A4, for RS
IO, = My or B = EX

then
B — (1 — =t
R R

M Since the error is increased, we recice
the learning coefficient and restore the
old modulalor valoes %
IMS=0or B =0
then Stop
t—i41
Eul while
End

Mole (Bl in the above algori i, we do ool woe the cenler
amd spread of the associated mernbership fimectiens. One may
be tempted to do so adding two mere sets of update equations
for the centers and spreads in e while loop:

eae o g OE
vog - ‘=ha '1"?4 "EIM-'L'J'
WLk

In the above eguations ., and ., are the leaming coef-
ficients. But sinmltanesus mning of centers and spreads of
mermbership uoctions with feature modolanors 18 0ol ecorn-
mended. 1If mernbership parameters are 1o be tned, then that
mst be done inoa separate phase after the leaming of moch-
lalors 18 ovier aned e tole ase is sirplifed, The merobhership
pararneter tuning looks ar the performance of each e, while
the tandnlator funing loeks at the global pienre taking, all mles
{all membership functions defined on a linguistic variahle)
together, Consequently, the mwning algorithrn may  becorme
unstahle, it we uy to mne all parameters sinmlaneonsly.

ITI. FIMDING AR INITIAL RULE BASE

The above modnlator leaming algorithim requires an initial
rule baze, Woe use (e Dugey c-means (FCM ) [21] cluslerdog
algorithm 0 cluster each X; © AP, (he raiving dala from
the ith class, inte say re; clusters, Fach chister is expected to
represcol & depsefiugporianl area o be ool space which is
guantized by the associated cluster centroid, Each such ¢luster
is comverted irme a fuzzy mle of the form:

H, il x 13 CLOSE TO ¢, then e olass 15 k

Here w1 is e ceoroid of e ith clester, The [uesy sel
“CLOSE TO™ can be modeled by a multidimensional mem-
bership fuuction such as

BN

BoioFETs vilx)=exp =

where 0 is w constaol, Tlis is coquivalenl wousing
proforypes with hyperspherical zomes of influence centered at
v;. Such a classifier may not perform quite well when different
features have considerably differenl varianees, Morcover, [or
a beler meadability “x iz CLOSE TO v, 1v wiilicy ds A
conjunction of p atomic clauses

iy is CLOSE TO 4y AND -2 AND 2, is CLOSE TO ;.

‘I'us, the i-th mle I; representing ene of the ¢ classes takes
the form R; : if © is CLOSE TO w; AND ... AND =z,
is CLOSE TO @, then class is & We emphasize that the
torm with the rmultidimensicnal roembership and with atomic
antecedent clauses are not necessarily the same.

In this imvestigation, the fuzzy set CLOSE TO oy is
mesdeled by a Ganssian membership faneticn ¢

3 L2
Bl Vg, oy ) = eup{— (2 — vy ) Foyg )

The center of the Gaugsian membership [uncion is iodal-
fzed with e cormesponding compoueal of e cluster cenler,
For the membership functions defined on the jth feature the
spresads can be initalized with the standard deviation of e
-1l coruponent of e imdoing el iucluded io the associsled
cluster as defined by the maximum membership hardening
rule.



IV. RESULTS
A, Para Set

In [5] Khan et al. used 2504 genes that passed a filter
satisfying a minimom expression level We also use the
sarne set of 2308 genes. There are 88 sunples of which 63
W23, MIILE, NIT2, and BRME:20 samples are used
for training. The remaining 25 includes five samples which
are later detected to be of pon-SRECT tvpes., Hemce for
Rlind testing of the swstem we nse 20 (11WS5:6, NS,
NB:G, and RMS:5) samples. Other imvestigators also have
nsed this traiming-test partition. The data set i3 available at
hrtpefivesea rch nhge i hoaevimicroarray! Supplemsanty.

B, Initial dimensionality veductizn with newral networks

The dimensionality of this data set is too hizgh 10 1se a
clustering algorithm o extract & usefnl ininal role base. We
first use a newnral network to select an initial set of features,
I'zey chostering is dene on this reducad dara set. Such nearal
nelworks liave also been vsed o select genes in [22], W nae
a modified mmhilavered perceptron {MLP) network [11] with
omline feamre selection capakility. This network is callad a
Foalure Sclection MLP (FSMLIY, Cowceplually, cach iopul
node (hence each genes of the FSMLP has a gate associated
with it. At the hegivming of taining, fhese gates are kept
almest closecl, and the training algerithm opens the required
galeg (allowsa Teatones 1o emier the network: depending on the
ahility of feamires to reduce the training error. The same set
of Twenty penes salected by IPSMLP in [22] are nsed here.
These genes are listed in Table 1 Nowe hat these 20 genes
have many tecdundant genes as teported in [22].

O Finel gene selection and fuzzy rule exiraction

Wow the traiming data from each class is divided ioto two
clusters waing FCM, This gmives os cight roeles, wo toles
represeniing cach of he [our calegories of SRBCTs. The
degired number of clusters/mles for each class may be decided
weing clusler validity indices s dooe by oy autors [,
Huoweever, we do ool use any olusler validily indices here Tor
twrn reasona; (1) Our objective is 1o show the featre aelection
ability wsing Dy role base and (20 use of cluster validity
[or role exlvactoon is couceplually ool an appealing approacl
becanse a ¢luster representing a rule may not pecessanly be g
cluster in the pattern recogmition sense. bMormeover, the traimng
Jala iy ool bave any clusler in G patlern recoud Hon seose
wel rules can be exiracled wsing clustering [3].

The rules in the initial rule base use all twenty zenes listed
i) Table I, Tlis role base mekes only ooe rsimoe cmoon, W
atalyeed the role waage on the mining el and Touond il
twro rules did not take part in decision making, So we deleted
thaose: tweo vules, The reduced rule base is now (ooed [or gene
seleotion, A e cod of e raioing, we od e 12 fealures
are not important. The mle base is then simplified keeping
only the vighl senesdfeatures, These selected genes s marked
by wslerisks in Table I Table T also shows (G wesdoldior
values after training. The mle base is now simplified removing
the amecedent clavses relating to badfredundant senes. The

rule base may now be further mined to refine its centroids to
adapt itself to its new emviromment ignoring the modolators,
i.e., sotliog all odelalor values woeeros (oo modulaion),
Althongh we could have used better methods, as discussed
earlier, for initialization of the spreads of the mernbership
fupetious, we ave used 203 (also caperimented witl o [ow
other cheices) tor all membership functions. Since the spread
of every membership function is very low, the specificity of
cach e 13 very high which i3 very importaual for critical
wpplications, This rule ase with six tules leads 0 oo Indoing
error and zero test error.

B Relevance «f the ddentified Biomarkers i Concer Bicdogy

Figure 1 shows a scatterplod of four of the eight genes each
of which exhibite a stremg class specific signamee for one
of the four cancer types. These eight genes identified by our
ayatern seemmn to be involved in the hinlogical process of cancer,
For example, this set of eight genes inchwdes an interesting
gene L1 domain comtaining 1 (1121 which was not fomnd
as irnportant by Khan et al. [3] and Fu & Fu-Lin [10]. As
reported in [22] EHDD is upregulated in metastatic colon
cancar comparesd to colen tomeors (G110 GPLOG 208112). On
the other hand, according to GEO profiles, EHDT is found
to he downregulated in EWS (GECG: GPL1977 13465 and
in H-cell mphoma (GEO: GPLTTG 34535 Tor the SRIBCT
cazes, we have found that HEHI upregulated in Non-Hodgkin
Lymphoma (NHL» along with a few cases of RMS but it
is meslerately expressed for most of the of RMS and TWS
sarmples.

Like other investigatora [5], [22], we also found fibroblast
growth factor receptor 4 (FGFRA) as very importanl with
dislinet clasg-gpedio deoalure, o0 Fig 1 Fgore 1 oreveals
that il is highly expreased for the RMS group bue for the
other three submrovps this gene iz practically vnexpressed,
This sene, s, bas @ very sirong BEMS-spedlic sizualure,
This zene has been found o play an important role in cancer
hiclogy. For example, overexpression of FGFE4 has heen
foved 1o differenl capcers [13] [15], On the other band, io
leng advoosrcinomes, FGFRA 18 found o e downregolsied
[16].

Panrl ib) in Figure 1 clearly reveals that FCOGRT (Fo [rag-
ment ot g0, receptor) has a distiner WS specific signamre
because it is moderate to highly expressed for the EWS group
and is downregulated for the other three groups. This gene
plays sigmificarn. roles in other types of cancers oo, Por
exarmnple, in [23] anthors identified a list of 20 prognostic genes
offering predictive information on patient survival for lung
cancer. ‘They roune that 2 higher expression level of [H{GRT
correaponds to befter swrvival ourcome.

We found that AF10Q is moderate 1o highly expressed for
the nenreblastoma gronp and is dewnregnlated for the other
hree mroups of trwors, Oher rescarchers ave also fouod this
gene o be important in cancer biology [17], [18].

Panel (¢yin Fizure 1 depicts that for the preseut caze, CDH2
i upderespresscd o e EWS and NHL goups of tuiuors,
while for the WH class it is mederate te highly npregulated. For
a few RMS cases also it is found to be moderately expressed,



Authors in [22] reported that according to GEO profiles CDH2
is found to be dowmreszulated in EWS which 1s consiztent with
our odiog in Qos stody, TUseally the lew crpression of CODH2
leads to tumer invasiveness |12].

The gene PMS21.12 is moderate to highly expressed for
the menroblastoma gromp and s practically unexpressed for
he WHL group of mors; wlile for (he EWS group for one
sarnple it is very highly expressed,

As mentioued esrhicer, many other iovestigalors aoalyzed
[biie e =et with o view o Jod biomarkers [2]. [5], [20].
Here are some of the results from the literature. Khan et al.
[3] uzed PCA and then vsed a single laver newral network,
They woggesled o lul of 96 geoes s foporianl lor these four
gronps of tmers, The nearest centroid method with shrunken
cemroids is used by Tibshiraoi et al. [2]. This method shrinks
e controid of cach class twowards e overall ceonoid vsiog
the within-class standard deviation of each gene. The shmnken
certroid method sugpested 43 genes as important,

I and Taa-14a [10] applied the method of Ramaswamy etal.
[Y] e the SKRIBCT data set to select a set of § genes vielding
Zern training error bun 0% 1est accuracy, This is a method
Baged on support vecror machine (SW¥) (9] T and Po-Tin
[10] also proposed a method nsing S¥ M for gene selection.
For the SRBCT data aet, they found mineleen (19) genes as
impertant, These genes can achieve 100% accuracy bath on
the training and fest data sefs. 11 |22] seven gemes are founcd
and thig ser contains [our of the eight genes found here, ol
does not inclnde the genes HOLST and PMS2L12 identified
b the fazzy system. Meorecver, The gene PM521.12 found by
this method is nee considerad impeortant in 2], |5].

Y. {TONCTIISTON

We have proposed a method for simultaneoss fealure selec-
tiem and fozzy mle extraction, Unlike ofher feamre selection
methods used in commection with fuzrey mles, our method
can accounl for inleraction belween features as wiell as (lat
between featnres and the tool, and hence can find a small
ger. of impormant featires. The method is applied we identity
a amall ser of biomarkers for disgnostic predictien of the
SRBCT group of childheod cancers. For this data ser we firat
reducecd the dimension using a nenral netwrork hased method
amnd then applied our method. Our methed conld find a set of
eight genes for the wek, This aet of genea includes a new gene
thar. others have not found as important.

Mode hat, dependiog oo e lesrmoy paramclers aud G
initial rule hase ditferent trals of the algorthm may find
different setz of important features becanse gradient descent
sewrch usually seldes al o local oo, I (hat bappens, ew
(haan will indicate exiscoce of differcol subsels of geoes il
can do the task well. To decide on the number of wseful
[eatures, we weed o choose o Goeshold for e modolaoer
vilurs, Furlher invesizalion is oeeded o come up with vseful
guidelines for this. Also investipations need to be done to
aualvee the perfonmnance of e algodthm when the Jdimension
of the ioput iy very high, say o lew oosaod, The ooetod o
be extended te function approximation tvpe applications with
both Mamdani type and Takag-Sugeno type modeling,

TABLL L
TES _IST OF TWEKTY BEST GEMES SELECTED BY FEMLE. TAE ElGHT
CCMES SELCOTED BY TLC PUZZY RULE BASE ARS (MDICATED BY

ASTERIEES
Gane 1D Iame medulatos
vilnes
FGERA (#3 fibrcdlaar groesath facroe recepooe nn
BST EST Lty
FCGRT {#) Fe fragmeant of IgG, 1eceptor, [KEL]
transpeartar. alpla
ARG (%) rranemernhrans peotaim [ATLL Ak
TS {#) hamatapaiatc cell-apecific T
Lyn sobstrats 1
NABRZ MGFL-A biding protzin 2 0823
{FRG hindimg, peedein 2 5
CTATE (% cadherin 2, M cadharin (nemanals 33
EHLI (*} EBH domain contamning 1 01454
HLA-DDAL major histocompatibility complex, 06383
cluss 1, D) alpha 1
T.OATRIRT lectiny, galactoride hinding, aclnhlz, | 17903
3 bimdieg pocledn Gzalestin
4 binding protein)
BATS HLA-B associated ranseipl-3 07256
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