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[n cmder Lo nnelerstand the relevance of microbisl compinities on crop productivity, the identi-

fiealiom aned characterization of the rhizosphers soil microbial cormmmunity &= nevessary. Charncteristie profiles
of the microbial communities are obtained by denaluring gradiend. gel electrophoresis (DGGE) of polymerase
chain resction (POR) amplifed 163 cDNA from soil cxtractod DNAL These characteristic profiles, commonly
called communily DNA fngorprinds, can be represented in the form of high-dimenvional binary vectorys. We
neldress the problem of modeling and variable selection in high-cimensional smullivariaie binwry dada and
present an applivation of our methodology in Lhe conbexd of a controlled agricultnral experiment.
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1. Introduction

Studics have found that, when s single crop speeies, soch as
corn. 15 growm contimally withomt the rotalion of olhar crops,
wietld decline cecurs (Dick and Van Doren 1985 Crookstun,
Kurle, and Lucschen, 1983, Griffith et al., 1988). Fortherinore,
wnalysis of yiclds over the lohg term suggests that there s a
negutive, syicrgistic interaction between the forees condrol-
ling the moonoculture yvield decline and the yiell depression
aasocinded with corn grown under no-till residue mansgemend,
Wl et sl 1906], Recent efforts to identify the mechanismy
ul’ mowen]Lare yield decline have shifted the emphagis Tom
unkoown aliotic cornponents of the ecosyutenn Lo biotic phe-
nommena mediated by the microbial community preseol in Lhe
rhisosphere seil {Bevivino et al., 1998; Chiarini el al, HSE;
‘Tureo et al., 1890), The rhizosphers iy the portion of the soil
volurne in intimate contact with the growing rool systen.
Historically, there have been limitations o the molocular
methodology available to examing Whie ganecal ccology of mi-
crobial systems, particularly those o soil. Hecendly though,
a number of molecular wethods have boon dewveloped that
enable Lhe dircel, nnalysis of microbial populations in soil
[Akkermans, van Elsag, and de Bruijn, [996; Toryvik el al,
19498}, For example, characterivtic profiles of Lhe microbial
comnmunities, commonly culled conammity DNA fingerprints,
cun be produeed by denatueing gradient gel electrophoresis
([HIGE] of 168 rDNA obtained by polymersse chain renction
(PCHR) amplificarion of the DNA eoracled from the rhiso-

Classification; IMNA logerprinds; High-dimeasional data; Microbial commnnirics: Multivari-
ate binary daty; Permotalion Lests; Variable selection,

splesee soil. Figore 1 illustrates an examnple of representalive
provles fromn Bor sgronomic realinents,

These micrabial community Angerprints can ba ropresonticd
in the form of hinary vectors, which have the polenlinl Go be
of wery high dimension because the numBer of bacterial types
in some chviromental soil samples have been estimated to
be un Che ocder of L0000 { Torsvik, Sorheim, and Goksoyr,
19963, Uhe guantitalive methodology currently used for the
analysiz of Lhese microbial community fingerprings falls ex-
clusively wilhin Lhe scope of explurabory data analysis. While
BoMle Teyedrchers use principal coonponcols [Bangard of al,
159%; Miethling el al., 20000 or nliidinensional scaling (van
Hannen et al., 999, h; Twarmobo e al, 20000 to lind groups of
similar observations, the vast majority wse hisrarchical chas-
tering algorithms based on wimilarity indices for binary vec-
tors (Jaccard, 1908; Dice, 1945). Some researcliers aven aviid
gquantitative analysis altogether by drawing conglusions used
on visual comparison of the microbial community Angerprints
(ben Omar and Ampe, 2000; Felske et al., 2000 “Thnnuck ol
al., 20001}, Unfortunately, all these exploratory teehoigues do
little to establish conclusive stutislical evidence with regard
to the specific revesrch questions addeessod in Lbele studics.
Toward this end, we coneent rate on the chavaclerization of the
microbal comrrmnity slructues in Lonns of statistical models
aml aim to identily a subsct of the variables (ie.. microbial
peplations] that contribute to the varistion in the sestemn
associated with the treatment effects,
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Represantative characteristic profiles from four agronomic Lreattenls. Buel vertical colamn, or lane, represents

the profile for one emicrobisl community. Within each profile, the pattern of illuminated bunds revesls distine. fingerpring
pattorns, which can be gssd to distingonish micerobial communily sieucture (i, which populations of microorganisms are
prosend. in the communily). The tillage practice for each sample [i.c., plow or no-till) is lsted lelow ench block of lanes, o
gel. The rotation practice for each swmnple (e, moneculture or rotation) is listed above the gels. The growlh stage of the
associated plant for cach sample lalad nbowe euch lane (e, V1, V2, ¥3, and V6] and lane M on cach gel is a macker lane
common to all gels, which enables bodwenn-gel cornparisoms. The black arrows denote some bands common to all agronomic
treatments, and the grev arrows denote some bands preseol ooly in ssnples frum specific treatments,

YWhile there iz an increasing numbwer of algocidlonic ap-
proaches for variable selection in high-dimehsional duts bhat
fall under the umbrella of data mioing, lille work lased o
probabilistic modeling has boon done, ancd none sddresses the
specific issues associalod with hinwey cdade. Apd while there
is limited work (MNuamah, Qu, and Aendni, 1998, Sohn, 1999)
that addreesses vaeiable seloction in relatively low-dimensional
cortelated binary cegrossion, none saddreesses the influence of
high ditmension in Lheir methodology. For this reason, we pro-
pose new warinble selection criteria specific to hizh-dimen-
sichal rmullivariate hinary data and apply them to microbial
oottty fingerpring data.

2. Motation

We use the following notation for the nt % d binary data ma-
trix X . Lot X:; trer um inedicator for the presence of the kth
microbial population in the jth sample from the éth treat-
ment group. Lot L odeonote the nomber of teeatment groups,
d the munber of variables [Le., the dimension), r the num-
Lar of samples, and 7 the number of samples from treatment,
i Muarginally, we model X:'J ~~ Bernoullifp;) and we esti-
mnate the multivariate dependence strocture using the wikhin-
treatinent eovariance matrix and the berwoch-troalincon, oo-
wirinnee sl ik for the sample as

TLy

'
1 1 1 Z Z':Iij DG N

i=1 j= 1

Swr =

fr.= 1 - .'.'". rre U
&g = = Zn,-li:]::.i;. — . E — @),

whore @5 denotes the jth sample vector from the dth treat-
ment group, &;. is the ith treatment mean vector, amd @ s
L graoed mesn vestor,

3. Variable Selection

One of the most common approaches in muollivariatbe olassi-
hication probleens iy Lo constroct linear diseriminating fune-
tiome iy, B = 1,...,q < min(t — 1,d}, which maximie: Ay =
(FrnSefn)fFnSw Fr) subiject to the constraint F7 Sy F =
Iy, where fp isthe fthcolumn of Fand ) = As =0 = &g,
Les, Ar, Ao, Ag e Lhe elgeovalues ol S‘_“l Sg and fi. f2.
-« g wre the corresponding eigenvectors normalized so that
F'Sy F = Iy (Hand, LT, These fy, cnn also be used, nmich
L1kt Hopme use principal component loadings in the case where
geonps are il deflined o préesd, o klentily s subset of the
variatles that explain much of the variation in the ecigina
a variables associated with the treatmem, efect, However, in
high dirpenyions, and eopecially whend =nor d = n, S“} can
be a poor estimate of che inverse of the pupinladion covariance,
leading Lo very mmetficient clapsification and variable zelection
(Bai and Sarvanadasa, 19965, For this roason, we propose bwo
allernadive methods For variable selection in high dimensions.
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3.1 Vardalle Selection Listng an felimeate of S;‘} 8g
Following a similar approach to that detailed abowve, we
aszurme that SH; Hp can be estimated remsonably by W,
where

Sl 1]
';.-";5'[-1:-’[‘5: '!:]Sﬁ' :.'J_?]
The effectz of thiz assumption on wvarabde selection are
explored via & simmlation study in Section 7. We then compate
the diseriminating fnctions fi, e = Lo g < min(t - 1,4
wh the gigenvectors of W, normalised so thal FFSH»F =1,
Specifically, we select the subset of variables

W] =

A= {XJ;: | for & (r_"}fm,-u, CT:J _“I_.-z} tar at least one f,

h=].,...1-f.r}1

where the {ff are constanty voack that

: - b S o i et
! (Jrhk = tH:..'l.n:.-"z:] =1 (Jr-‘a,.'c = a_fzj G

fork=1....,dand i = 1,...,g and the experinentwise Lype
I errer is o, VWe estimate the (_,»f ernpirically by permoling
the sarnple veetors agy Tur wll & and § oand compuling fr,
(b= 1,....4) lur each porsoudation. This moltiple testing
corpestion is of the zeneral type suggested by Westfall and
Young (1993). Permuting in this way, we muaintain the
same covariance structure (e, 8 = Sp- 4+ Sg) across all
permdations. Therefors, hecaiige we poromde 1o thiz way and
Teernse wa sLill wse the full 849 mateix in the normalization
F'Sy &' = Iz, we are able to avoid the distortions brought
on by using S“,] in high dirnensions while still taking the
multivariate dependence structure into scconnt inoour variahle
selection criterion.

Approaching variahle selection ih this mannce atempls to

wlentily a sulmcl of variables thal give a large degree of separ-
ation botween the ¢ treatment groups while making weljuat-
ments for the within-treatment dependence stroclure. Buch
adjustments for the within-trealment depeodence structore
are not always praferable in the analysis of microbial cor-
renmiky dada because the researcher iz nsually more interested
in identilving a reazonably sized subset of the oberved micro-
bial populations ss candidates Tor Tarther shcly [eg, DRA
seuelcing, genormic analysis, ole.).
3.2 Vartable Selection Considerieg Bach Variobde Todévidielly
Lf we are simply trving to screen for interesting warinhles with-
out worrying about the depemdence between Lhe variables, wr
con use Lhe Following dest slalistic as one variable selection
critorion:

i
2
Z?l{ (1'“:’ 5 ik)

. Spk.k i=1
Diry = 220 = :
(k) S|k, &) b : .
ZR;.E.&. (1 _‘Ei')
i=1

Specifically, we select the set of variabley

M = {Jﬂ:‘r PR = F k= I:..._,r.f}1
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whiere (_;',:'l'; is defined = Lhe constant such that, under the noll
hypothesis of homogeneity, PI:.D2 k] = E?ff:} = ¢ for all &
ancl the experimentwise type [ etror oo, We estimate C:‘i‘;
empirically by permuting the sample vectars x;; as hefore,
tnaintaining Lhe game covariance structure (ie S scrosy all
pormutations, and computing the vector 57 Tor cach perol-
ation. This method will identify the subset of the original 4
variables fur which thers s aslatistiosly signifeant, diflerence
between the observed smmple proportionz of the t different
Lreal ol growps, controlling for an cxperimenlwise Lype 1
error of .

4, Clagsification

Upon selecting & subzet of variables M, we wish to evaluate
Lhe viriable selection via a olassilicalion rale. The probability
that sample X,; iz from treatment group g can be ox
pretder] s

P =y |i—glPli=g)

ZP[ij =z |t — g)Pli = g}
L)

Pli—g: X, —x, )=

3o we will classify sample X;; into group gt if

Fli=g" | X3 =2y5) =max Pli= g | X = =,
P

4.1 Clewsification Uang o Conditioneily fndependent
Bernoulli Pevameterization

IT wer assarme thad, Lhe X:ﬁ- wres clislribdedd ws inclependond,

Bernoulli(py,) random variables for 7 = 1,...,n; and X% &
M. Lhien

TE P
PiXy=mij|i=g]= H P (L —pu)' ™, (1)
e K

where & = [k XY £ M) Toestimate P(i =g | Xip= ),
we make the reasonable assumption that Pz = ) = 1/t for
g = L., band estimate Uhe paamelers pgp, g = Lo 8 ad
k= K by the corresponding sample proportions i; which
are the maximmn Tkelihood cetimales of the pey under the
Bernoulli parameterization.

4.2 Classification CUuning Conditioenally Independent
Longistie Rrogpensstons

More  Frequently o stetistical  owodeliog ol mallivaeiale
categorical response data, generalized linear models sre nsed,
Therelare, o order b cosnpate the sesulls of onr classification
pased on the Dernoulli parameterization with more & standard
approach, we now fit a logistic regression model, again assum-
ing independence among fhe Xk A, conditional on tecat-

ment group,

logiti Pl =g | X — wys)) — axgo + Z {}g;r.r.':fj + agiin 12
ke

where g = ... b a= 1. . 4L and f = 1,... .t Hore we
estimate the parameters @ using iteratively weighled least
souares [IWLS) (MeCullagh and Nelder, 19849; Venables and

IRipley. 19993,
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Figure 2. Power cueves foe the test of diagenality of Sy
with respect to the alternative hypothesis of an intraclass cor-
rerldion structuee with pacamecter p. The intraclass corvelation
g varics across the borizontal axis and the different ewrves cor-
resipoaed to dilferent d = 10i-dimensional Beenonlli probakil-
ily veectors. 41 corresponds to the mumber of Bornonllifl o)
variables and 2 — 1) — d1 corresponds to the number of
Bernonlli(ha0) variables in each of the » = 100 samples for
each simulated data. For each combination of 1,42, and g,
we simulated B000 data with t = 4 treatments and ny = e =
7ty = ng = 25, and calouwlated the power of the test.

5. Testing the Assumption of Conditional
Independence
Hecmse both of the emodels we use o coostooc classificn-
ticn rules assone Indepeodencs among the seleclod vacinbles
condilional on the Leealment. gronp, it is impocland o tesl,
this wssomplion. Typicudly, one method ol desling e inde-
praodence amwng the sclesoed vatiables conditional on treat-
et prowp is to assoe that the binary variables are dicho-
ornics of latent multivariate normal randem variables and
then nse a likelihood ratio test for independence under the
multivariate normal assumption (i.e, the determinant of the
sample correlation matrix). However, due to the potential for
relatively high-dimensional 3, leading to singularity in the
sample correlation matrix with high probakility, we propose
the following test as an alternative,
.l frsfing Diegonclity of S
Ve take the ratio of the sum of the absolute value of the
off-diagonal elements to the disagonal elements of Sywe for

X* e Mto develop a tedt statiwtic, Ty (m], for testing the
diagunality of S s
>

5

MER {ky kpaky kge K Y

L Sgarh
In wrcer Lo csdimale the dishribadion of Ty wunder Lhe nndl
hypothesis of diagonality, the obscevations for cach X ki
are permuted independently within each treatment group.

The wibhin-Lrestment oovarisnee matrix and test statistic T
are then eompated Tor each of the permolations. We reject
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Figure 3.
with pespeet o the alternative hypolhesis of an inlracloss

Power curves for the tost of dingonality of Sy

The

axis wnl

corrclation  strictuee  with inl e sy
corrclabion o varics  across
dilferenl curves corcesipond Lo dilferend. o = S00-dimensional
Bernoulli probabilily weclors, ol corrasponds o the nmnber
of Bernoulli{01.04}) variabdes and o2 = 500 - il correspondy tao
the mnabee of BornoullifLu) vatiables in cach of the o= 10
samples for cach sitoulated data. For cach combination of
a1, d2, p we simlated GIHO dara with ¢ = 4 treatioes wol
] = o = 11z = ny — 20, and calenlated che power of che
test,

IMU."r'lIIli.’[ L I 18

the  horiscnlal 1. he

the hypolhesis of disgonalivy il Ty (@) 5 greater than the
1T - exdih percentile of the distribulion of Ty under the
nal] hiypcst hewis.

53 Menser Clemdbaliony

The powee of the proprosed desl of dingonnlily iy invesigated
using the algorithm of Emrich wncd 3edmomds (19310 4o
simulate data fromn the alternative hypodhoses, Sy = (1
I+ pd . where J is the matreix of ones. For Ahese siinlations,
we thke t — 4 and Ry = e = ny = g = 25 We
estimate the power of the test for g > (F using five diffeecn. -
dimensional Bernoulli probability vectors held eonstant across
the t treatrents, Ohr findings for d = 1) and o = 500 are
presented in Fipures 2 and 4. respectiveoly.

“¥e obeerve in the case of d = 1 that the power of the
test is greater than 090 for p > (LOLS repardless of the
composition of the vector of Beronoulli probabilities. In the
case of f = 300, the power of the test is greater than (.8 for
g 00053 and preater than 0,890 for p > 00065 regardless
af the composition of the vector of Dernonlli probabilities.
Therelore, we regard thiv test of the hypothesis of diagonality
of Swr as very powerlul againgt the alternative hypothesis of
an intraclass correlation strachure.

In addition, comparison of the results for d = 1K) and
o — S0 indicates that the shapes of the power ocurves
are: very wimilar regardless of dinension. We albo observe
that the shapes of the power corves are similer regarc b
of the composition of the Bernoulli probability vector, amd
as the proportion of Bernoulli{,03] variables increases, the
steepness 0f the oorve wlso incresses. Thowever, we observe



Table 1
Applicalion of the variabde seleeliove meblusdology of
Hection 3.2 fo the Nakatew ef ql. [2000) duta. Nineteen
variahles are selectad and displayed along wsith the
preprbicen of suripdes i ench treakmeert for wlfief
the sefected microbial populations (L., verdables)
wigry preseent. Thee Mhree voriadles selacfaed weing the
methodalegy of Sactien 3.1 are denoted by a dof.

k
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Table 2
Nutaber of coveetly elessified samwples i the
crags-palidations desevibed o Seclion 6.3, he treafeevits
are [ 1) corn grown in monoculture i pluteed soil, (2)
e Ty grens o wgnocultues in ne-till sodl, (3} oo
g aw rabation angh soybean me plowed s, (43
et e v robatiom ueth sopbean in we-till aodl,

Tresatinant

k il o G B Subuet Rule 1 2 3 4 Total
] 11,2608 T.OHIOCH N.4182 (hadbia Ay Bernonlli 25 22 14 t] [itad
12 (LM L4845 (140004 (bt Ay Liogristic M0 ot 14 1 [
- 13 L. OO0 QL0 (.00 1364 Ay Berooulli T I8 % 17 T4
14 L.1ACHAD (LENTR 1AM (L7727 M Laowristic 22 18 15 11 T
14 [1.17.30 1144001 1100 [hIHMI0 TR - : E o .
o (.79 0.4152 00,0000 0 Lsd Dliseomanm, a0 34, o @ =i
- a4 [IRNIE NI . (R0 AT Ch 40K
i1 .ATEY 1518 (1000 RN 6.2 Vardabls Selection
3 [L.I7) (LSt LLAILLH) LU Toaeh of the proposed variahle selection criteria is considerod
4 UL 7L U. 1513 U000k 4091 i pyrn. We first employ the variable selection criteria
43 0, 0K 0 1364 D"DDI:HE U352 ocoribed in Section 3.1 unel, for simplicity, talke g =t—1 =
% l.].|][.l[i|] (LLD0 L.2727 “'[.J[H][.J 4 oamwd 7 = 0415, We select s osobmet of three wariahles,
ETH] [LOET0 LK 00,1364 o0 1013, %31 X3} Lased ot e
48 0.0435 0,5000 L0000 aogon L R g Ll BT R L R I
19 i1, 000H) (LINIIN 1LY nayer =l g estimated trom 10,000 permutations of the data.
a4 (LG (h27uT LA 465 Alternatively, using the variable pelection criteria described
- 5d [, 5606 0, R0 [.636 LI i Sechion 3.2 amd Lakiog re = 0L0G, wosulset of 19 varisbley is
a5 (100 (0000 RN [.2727  =sclected as
et | NATHA [WRALHINN] 11043604 (13142

that, for a fixed walue of g, the power of the test g aouch
greater Ffor = LN than for d — LIM). We anticipate that
these trends will peryist in higher dimensions.

fi. Application of Methodology to Microhial

Communily DNA Fingervprint Data
G0 fheta
The deseribed approsch for modeling and variable seleclion
was applied to the data from Makatsu et al, (20K, where
Lhe obggeclive of the stady waes o ovwesligale Lhe iopacl of
different agronomic treatments on the microbial community
structure of corn rhizosphere. Corn plants wore grown at the
Pordoe Universily Agronomy Mesearch Center in distrhed
[ plowed) and undisturbed (ne-till} soils with a 25-year history
of growth ns s monocollare crop (oo ooly) or two crops
grown in anmual rotation (corn and sovhesn). Rhizosphers
anils were sampled during early developriental stages and
a cormnnmniby fingerprinl, was prodoced for cach sample by
GG of PO amplified 165 rIXNA Trom che soil-exteactel
oA,

While there was the potential for verr high-dimensional
data on the order of d = 10,000 here ooly & = #4 distinct

microbial popoladions were klemtifiad aceoss all v = 53
wariples. The distribulion of e samples across e Toor
tregtment groups is m o — 23,n0 — e — wa — 23, where

the treatmwnts are (1) corn grown in monocalture in plowsd
goil, (2} corn prown in monoculturs in undisturbed [(no-till)
soil, (3] coro grown in roralion with sovbean in plowed soil,
ancl [ corn grown in ootalion wilh sovbean o oodistarled
(oLl sl

B e {X"?,Xu:A”,X”:X“’,.Tu?, Py X"}b: _,{39: X1
_Y'ih'.IX-‘Jﬁ-1xifi!X-]?i‘X-iq‘_x.%H‘ _Yﬁd.‘XF.F.: _\.ﬁ.t}_

Table 1 displays the propoction of samples in each Lrestmemnt
for which the sclecred microbial populations (e, variables)
WEre present,

We observe that most of the 19 selected variables have
.E'f_ — 0,00 for af least one ¢ = 1., .., 4, This result is somewhat
experted beranse hoth eriteris select wurisbles for which
there s a signilicant, sepaealion belween the oot trestinent
groups. It iz natureal then to select variables corrasponding Lo
microbial populations that are present in a large propoction of
the samples from at least one treatinent and absent in samples
froan the remwining treatinents.
fiot Clinsdfrrbioras
The two  classification rules described in Section 4 were
emploved to validate the subsets of variables, Ad) and Ao,
silected in Section 6.2, Tuble 7 details the resultz of a
crowg-validalion of Lhe obwervations in Lhe Harnple gsing only
the solectod variables, That i3 o say, wo ee-cslienado 1l
parameters of the models for sach observation we are aiming
b clasily, aving thod obeservation out of the caleulations.

Using A, both elassification rales correetly classify rmore
than T0% of the samples, and using M, both classification
rules, correctly clossily more than 80% of Lhe samples, with
our Bernoulli classification rule doing slightly bebber thao
the more standard logistic classification rule. The Bernoulli
clussilicalicm ridh by perform slightly Dalier Lhan the logistic
clagsificarion rle in thiz case because all the variables
invlved are in the binary seale. Tepically, logivtic models are
uatd 1o madel binary responses (or proporiions) a8 o function
of predictor variables or covariatez measured on & continuous
sale.
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Figure 4. A histopram of the distribotion of test statistic
Ty unider the nall hypothesis of independence between the
selected buncys within trestment/growth-stage groups, The
test statistic is the ratio of the absolute value of the off-
diagonal elements of the within-treatment sanoplde covariane:
mmatrix for Lhe Alires varinhles in Ay, The dotted line denotes
the 95th percentile of the distribution, 11,1517, and the solid
line denotes Ty (2} = 1L1UM), the test statistic for the dala.
Thaerefore, we do noer reject the hypotlesis of indepeieloenoe
Btweoco e seleciol bands williio treatient groups at the
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6.4 Tests for Diagonality of Swe for Xq5e M

Using the wmethod developed in Section 3.1, we test [or
diamonality among the scleclod wariabdes conditiomal an reald.-
et g@ronp with o = (R The ol hypothesis of disgonality
for Ay [Figure 4] is not rejected, but we do reject the null
hypothesis For Ay (Figure 3). These results are somewhat
expected due the way the varinbles are sclected Ty coch meth-
od, The variables in My are selectad using 2 method designed
o selead wosubuet of warisbles that provides a large degres
of separation between the § = 4 treatments, Because so fow
variakles have been selected, it is likely thal mest of the
dependence between them iz due to the Botwecn-Lroatinem.
variation. The variables in Afs, on the acher Taod, wre eaeh
seloctod tulependenlly of gne anothar. That i to say, if there
isadepandence among the variables within a given treatment,
Lhe variable sslection method described in Section 3.2 would
ok take 1t into account,

7. Sinmmlation study
7.l Besum

In heth of our varisble selection criteria, we assume o degroe
of conditional independence, For che method desceilwel in
Section 3.1, we assume that Sﬁ} &g cnn be catimalod renson-
ably by W, and in Sectioon 3.2, we do nal ok goy attempt
to accoud Tor the wilhin-trentinent dependence structure.
Thwrefure, we present the following simulation study to show
the effect of these assumptions on the compesition of the

unbsets of selected wariables in the presonce of two diMeeent
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Figure 5.
Ty nocler Lhe nall Ty pothesis of alependeoce betwaen the

A Distograon of Lhe disteilnlion of Dest statistie

selected bBaoels within treatiment fgrowth-slage proups. The
fessle slalistic is che catio of the atwolute waloe of Lhe ofl-
chimgonil cleinents of Lhe within-Lroswhment sample covariangs
oz for the 19 variables o Afy. The dotted line denotes
the 83th percentile of the distribution, 07486, and the =olid
line denotes Typelm] = 0.9216, the test statistie for the data,
Therefore, we reject the hypothesis of independimee hetwesn
the selected bands within treacment groups at the a = (LB
level.

within-iroatiment dependenes structures, toking ¢ = 4 in all
RGP R

The fArst within-treatment depenlence structure we consi-
tler is the intraclass correlation structuare,

S:r,il,] = [l — @ + gF,

where J iz the d = 4 matrix of ones. The sccond within-
treatment dependence structure we consider is the folluwing:

S
Sl'-z:._ Sil,' o
W —pr gl
# W

corresponding to two gooups of o vaviables having intraclus
correlation within each group and being negatively correlatesd
with the variables in 1he ocher group. Foo coch of Lhe teo
dc]mmlmlm slrnctures, we consiler g = (L0 003, 006, 1L40,
ceprcsponding Lo independoenee, weak dependence, ooderats
dependonc:, and areong cdopemdence, rospoclively. Amd we
generate binary dats ioateices X defined Ty Xf;, =f{ Vl-fl']’- =111,
whero

Yy~ (e p 5y

for 5 =1,...,m. T ' iz the imverse of the standard normal
od.f., and E(_ijj =p;fori=1,... ,fand 7=1,....1,.
Tw different structures for the zet of treatment mean
vertors @y, 1 = 1,....t or equivalently for Sg are aizo
considered, The first structure is a general case, denoted hy
.ﬁ'g}, witle Lrestaoemt amewn wegtors of dirnension  — 250,
where Lhe probabilinies py, take an bhe valboes 0.0, 0000, 0050,
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Table 3
FProportion of 100 simaloffons faf the 19 variables in Ma are selendad
by pur propesed methods in the case of the simulafion sfoudy maost
resembling the Nakafsu dota, The three variahles in M| are indicafed
by o ded. Methods 1 and 2 mefer to Sections 3.1 and 3.2, respectionly.

Method 1 hlethod 2

.00 .30 .60 00,50 (.00 (130 (160 .90

ye Lo 1400 100 1000 017 1% 0200 049

X' npog 095 099 059 001 005 022 043
v xid Lok 140 LWy Lo 1.4 Lo 1000 1M
X o 066 066 063 000 00D 000 0L
XM nET O ONFH O O DME o D0k g D00 e

X¥ o opoe 100 100 100 02 04D 047 074

. b L.00 1.1 1.0 LA 0T hdd AR Ak
X*® 0 poms 0055 086 05T 005 004 029 0.5l

oM pop nEl T2 DES 00 Dl D0 M
X pat 060 062 068 002 000 000 000
X¥ 0 oned 05T 06D DEE 0 D0 D0 (K
X gy pss 061 064 003 302 00l 000
X¥  aT8 078 076 DED DM D2 dm F
¥ oo ous 08 08T 084 0lr 0l6 02s
x¥  gE2 0B6 062 079 D08 GO0 000 Qu
X opend 063 063 053 001 000 000 002
s XU o0 1400 LoD 100 QA5 0597 0O 0
X5 pes  nes o6 070 1D 03 000 oD
X5 opwr g 300 000 000

0,94

and (.3, The gecond !-_It.II‘I_L'.t‘L]E{-‘_, of Lreslionend. oean vectors Is
the situation, denoted by Fg7, corresponding Lo e d = H4-
dimensional sample treatment mesn vectory for Lhe Nakatso
el wl, [20M00] sdata.

Mote Lhat the dirmensions of X depend on the within-treat-

: : z , 11
el covatiance strueture under consideration. For S{ B

. . . (2 . . .
has dimension n x> o, and for .Hil‘,;: X b cliimension o= 2
Tlhe dimonzion of X also depends on the Betwesn-Lred e,
: : (17
covariance structure. For Lhe geoeeal case, S;;", wi take 1) —

g = nn = 714 — 23 and = 00 and [or the case cor-
e
respuncling Lo Lhe Kakatsa ot al, (2000) data, Sﬁ', we tike

T = 23 e = g — ty — 24, and n = 89,

7.2 Results

The two different methods of varinble selection ave applied
to 1K) simulated data matrices for each of the U difforend,
cases (e, 2..5':," gtructures 2.‘:‘;‘] striclores * A values
= 1fi cases). We ohserve in genernl Chal, as the wilhio-
treatrnent dependence gets stronger, Wee estimated somber
of variables selected by the methocl cdescriled in Section 3.1
incresses. This ndicates thal Lhe melhod does indeed take
the within-treatmenl rovaraonee sLenctee into aceount in the
wvariable selection methodology oven though we uze W oas
an estimate of Sl 8g. A sinilar Leend i85 not observed in
the resalts Tor the wariabde selection methodolosy described
in Section 3.2, This result iz expected because this method
ignores dependence between the variables by design.

For both variable selection metheods, it weas observed Lhal
the standard deviation of the number of varinbles selecled

098 0.0l

increases as the strength of the within-treatinent depemdence
between variables increases. This increase in variation is lkely
due to the fact that very highly correlated variables will, most
likelv, either be selected or not selected HH B gTONg. Thiy iy
furtlier supportaed by the resdis R the .‘?;_-;.2"', S.H;" cade, wlhete
we ohserve the proportion af the W0 sionlated data sous for
which emeh variable in My i selecled. For example, variables
X and XM are Lotk selecled maee often by Che Best muethod
as the strengtl of Lhe within-lrealioenl dependence Incroases.

BE. Discussion

In this analvsis of the microbial comrmunily date, we b
illstrated the offeclivemess of o vacishle selection melh-
afolugy Tor relalively high-dimensional multivariate binacy
dabn. Howewver, unte analysls also raizes a unmber of issues
Lhat reguuiee Turther atiention.

Firal, the variable selection method from Section 3.1 may
oot b ideal for the particular application of microhial
cornmunity analyeis because it tended to select only v small
numaber of wvariables, while Lhe method from Section 3.2
selected womure reasonally sioed subset of variables for the
Makalszun ot al (20000 data, However, as 4 gets very large,
prehaps the first method would produce more tedsomably
sized subsets than the second method. Albe, doe to Lhe design
af the first method, the wwrinkion explained by fy 3 greator
Lhan thel explained by Ffo, and so on, Therefore, one can
think of many ways to adjust the multiple testing correction
to make a more ressonable variable selection, Tl ne such
weljustineul wonld lave alfecto] the vardable sceleclion made
for the Nalatsn ot al. (2000 data,
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Second, we realize that the assumption of conditional inde-
pondenee may have an effect on our ability to evaluate sub-
geld of dependent variables via cross-validation, It is lkely
that. a classilication role that accounts for depencdenee
betwern selected variables would classily some observaliong
eorrectly that were not correctly elassified T Lhe conditionally
independent clagsification tules, lowever, it does not seern
likely that many ohservations classified correctly by the condi-
tinnally independent classification rules would be incorrectly
classificd by a rule Lhat acconnied for depencdence. In acddition,
Lecanse the gowl ol Lhe application, micrubial commmnnity
analysiy, is not necessarily to select the best predictive subset
but rather to =elect a subset of the observed microorgan-
izms as candicdates for further researcl, the conditionally in-
depemlenl classilication rules give a reasunable indication of
the waliclity ol Lthe subsets of sclecled wariables. For Lhesse
regsond, we consider the resulty of erossalidation weing the
vonditionally independent ¢lassification rules to be sadequare
for this applicarion,

Clearly, the framewerk of our variable sclection methocdol-
oy s nol limiced te microbial cotummily chnracherisnion.
T mawrerber of suirees of high-dimensiongl dula continge to
inerease, especially in the biologieal sciences, where advances
in molecular technology and the ever increasing interest in
fnctional genomicz has Ied to the production of massive
data, some of it being binary, Thorefore, onr moelhacdology
comlel Tae applicrd v the prablem of sariable selection Toc high-
ditnensioon] bivary ala in many snch Gelds as well ws Tor

pontitgane data, with sotoe modifeation.
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RESTME

Pour comprendre influchce des conuninautés microbicoms
sur lw productivité d'une culture, identification et la ca-
tacoérisation odes commuonautés microbiennes de e rhizo-
gphere du sol sont nécessaives, Los profils carnctéristipues o
communantés microbiennes sont obtenus, & parcir d'dchan-
Lillers ol sol, par lnomdtLhode de Félectrtophorise en gel de
gradient de dénatoration (DWGEGEE) de rADN LGS amplilics
g o MO (polymerage chain reaction), Ces profils ca-
ractéristiques, généralement appelfs compreinles géndligues,
prenvenl GLee représentos sond e forme de vecteurs hinaires
multidimensionnels. Nous nous intéressnns an problime de e
nundéliation el de la sélection des variahles pour ces données
binairez multidimensionnelles ot prdscotons wne applioadion
ol et ree toéLheolodogie dang 1e contencte dune expérimentation
gpricole controlée,
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