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ABSTRACT. In this paper we give an overviav of CombinatorialGroup Testingalgo-
rithms which are applicableto DNA Library Screening.Our suney focuseson several
classef constructionsot discussedn previous suneys, provides a generalview on
poolingdesignconstruction@andposesseseralopenquestionsarisingfrom this view.

1. Intr oduction

The basicproblemof DNA library screenings to determinewhich clone (a DNA
segment)from the library containswhich probe from a given collectionof probesin an
efcient fashion. A cloneis saidto be positivefor a probeif it containsthe probe,and
negative otherwise. In practiceclonesare pooledtogetherin somemannerto be tested
againsteachprobe,sincecheckingeachclone-probepair is expensve andusuallyonly a
few clonescontainary givenprobe.An exampleis whenSequenced-dggedSite markers
(alsocalledSTS probes)are used[OHCBB89]. If thetestresultfor a pool (of clones)is
negative, indicatingthatno clonein the pool containsthe probe,thenno furthertestsare
neededor theclonesin the pool.

This problemis justaninstanceof thegeneragrouptestingproblem,in whichalarge
populationof itemscontaininga small setof defectivesareto be testedto identify the
defectvesefciently. We assumesometestingmechanisnexists which if appliedto an
arbitrarysubsebf the populationgivesa negativeoutcomef thesubsetontainsno defec-
tive andpositiveoutcomeotherwise Objectvesof grouptestingvary from minimizingthe
numberof tests,limiting numberof pools,limiting pool sizesto toleratinga few errors.
It is concevablethat theseobjectives are often contradicting,thus testingstratgjies are
applicationdependent.

Grouptestingalgorithmscanroughly bedividedinto two categories: Combinatorial
Group Testing(CGT) andProbabilisticGroup Testing(PGT).In CGT, it is oftenassumed
thatthenumberof defectvesamongn itemsis equalto or atmostd for some x edpositive
integerd. In PGT, we X someprobabilityp of having adefectve. If the poolsaresimul-
taneouslytesteds times,with latertestpoolscollectedbasedn previoustestresults then
the CGT algorithmis saidto be an s-stagealgorithm. Grouptestingstratgiescanalsobe
eitheradaptiveor non-adaptiveA grouptestingalgorithmis non-adaptieif all testsmust
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be speci ed without knowing the outcomesf othertests. Clearly, beingnon-adaptreis
equialentto being1-stage.A grouptestingalgorithmis error tolerantif it candetector
correctsomee errorsin testoutcomes.

Library screenin@pplicationsntroduceseveralnew constraintso grouptesting.Firstly,
s-stagegroup testing algorithmswith small s (e.g. < 2) are often preferable[BT96,
BBKT96]. The commonrequirementis to have an adaptve algorithm. Secondly DNA
screenings error pronesincethe poolshave to be puri ed beforeprobing. Hence toler
ating several errorsis desirablegBT96]. Lastly, asassemblingpoolsis costly, sometime
robotsareusedto assemblé¢he pools. This makescoordinatinghe poolswith somephys-
ical arrangemenof clones(suchasagrid) important.

As far aswe know, therearethreerelatedsurweys previously donein this area. The
rst wasasuney from Dyachlov andRykov (1983,[DR83]) donein the context of super
imposedcodes.The secondvasa monography Du andHwang(1993,[DH93]), which
gave aniceaccountof CGT algorithms.Thethird wasanarticle by Baldingetal. (1995,
[BBKT96]), which comparatrely suneyedcertainclasse®f non-adaptie algorithms.

In this paper we give an overview of CombinatorialGroup Testingalgorithmswith
applicationsto DNA Library Screening.Our surwey focuseson several classesf con-
structionsnot discussedn previous suneys, providesa generalview on pooling design
constructionandposessereralopenquestiongarisingfrom this view.

The rest of the paperis organizedas follows. Section2 x esup basicde nitions
andnotationsneededor the restof the paper It alsogivesa taxonomyof non-adaptie
group testing algorithmsfrom which later sectionsare organized. Section3 discusses
deterministicalgorithms. Section4 providesa nen generalperspectie on constructing
a classof deterministicpooling designs,from which several openproblemspoppedup
naturally Section5 presentsandomalgorithms,andsection6 introduceserrortolerance
grouptestingalgorithms.Section7 concludeghe paper

2. Preliminaries

2.1. The Matrix Representation. We rst emphasizehat we are concernecbnly
with combinatoriallynon-adaptie grouptestingstrateies,for DNA library screeningp-
plicationsprefer parallel testsas we have mentionedearlier The “combinatorial” part
comesfrom theassumptiorthatthereareat mostd defectivesin a populationof n items.

Considerav x n 01-matrix M. Let R; andC; denoterow ¢ andcolumny respectiely.
Abusingnotation,we alsolet R; (resp. C;) denotethe setof column(resp. row) indices
correspondingo the 1-entriesof row i (resp.columnjy). Theweightof arow or acolumn
is thenumberof 1'sit has. M is saidto bed-disjunctif theunionof ary d columnsdoes
not containanother A d-disjunctv x n matrix M canbe usedto designa non-adaptie
grouptestingalgorithmonn itemsby associatinghe columnswith theitemsandtherows
with the poolsto betested.If M;; = 1 thenitem j is containedn pools (andthustest:).
If thereareno morethand defectvesandthetestoutcomesreerrorfree,thenit is easy
to seethat the testoutcomeauniquelyidentify the setof defectves. We simply identify
the itemscontainedn negative poolsas negatives(gooditems)andthe restas positives
(defectedtems). Notice that d-disjunctpropertyimpliesthat eachsetof < d defectves
correspondsiniquelyto a testoutcomevector thusdecodingtestoutcomesnvolvesonly
atablelookup. Thedesignof ad-disjunctmatrixis thusalsonaturallycallednon-adaptive
poolingdesign We shallusethisterminterchangeablwith thelong phrasé'non-adaptve
combinatorialgrouptestingalgorithm”.
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Let S(d,n) denoteghe setof all subset®f n items(or columns)with sizeat mostd,
calledthesetof samplesFor s € S(d,n), let P(s) denotetheunionof all columnscorre-
spondingto s. A poolingdesignis e-errordetecting(correcting)if it candetect(correct)
up to e errorsin testoutcomes.In otherwords, if a designis e-errordetectingthenthe
testoutcomevectorsform av-dimensionabinary codewith minimumHammingdistance
atleaste + 1. Similarly, if a designis e-error-correctingthenthe testoutcomevectors
form av-dimensionabinary codewith minimumHammingdistanceatleast2e + 1. The
following remarksaresimpleto see however usefullateron.

REMARK 1. SupposeéV! hasthe propertythatfor anys, s’ € S(d,n),s # s', P(s)
and P(s') viewed as vectos have Hammingdistance> k. In other words, |P(s) @&
P(s")| > k whee @ denotegshesymmetridifference Then,M is (k — 1)-error-detecting
and | 251 |-error-correcting

REMARK 2. M beingd-disjunctis equivalentto the fact that for any setofd + 1
distinctcolumnsCyj,, . . . C;, with onecolumn(sayC},) designated(;, hasa 1 in some
rowwheerall C;,'s,1 < k < d contain0's.

An importantquestionto askis “givenn itemswith at mostd defectves, at least
how mary testsareneededo identify the defectves?” Thebestasymptoticanswetto this
guestions datedbackto Dyachlov andRykov (1982,[DR82]) andDyachlov, Rykov and
Rashad1989,[DRR89]), which canbe summarizedy the following theorem.

THEOREM 1. Letv(d,n) denoteheminimunmumberof poolsneededor the S(d, n)
problemthenasn — oo andd — o
d2
2log, d

(1+0(1)) logy n < v(d, m) < d?logy e(1 + o(1)) log,

2.2. A Taxonomy of Non-Adaptive Pooling Designs. We now give a tentatve tax-
onomyof non-adaptre poolingdesignsfrom which latersectionsareorganized.

(1) DeterministicDesigns Thisrefersto thefactthatevery poolis deterministically
speci ed. Thesedesignscanbefurthercateyorizedinto:
(i) Set-packinglesigns.
(i) Transwersaldesigns.
(iii) Designswhosed-disjunctmatricesaredirectly constructed.

(2) RandomDesigns In thesedesignssomeor all of the entriesarerandomlyde-
terminedwith parameterizegrobabilities,which could be optimizedbasedon
certainobjective function(s).The cateyoriesare:

() Randommatrices.
(i) Randomweightw designs.
(i) Randomsize# designs.
(iv) Randomdesignswvhich comefrom deterministiadesigns.

(3) Error ToleranceDesigns Althoughthesedesignsareeitherdeterministicor ran-

dom,they areworth beingpaid specialattentionto.

3. Deterministic Pooling Designs

3.1. SetPacking Designs. Firstnotedby KautzandSingleton KS64] backin 1964,
packingdesignswith certainparameterganbe usedto constructdisjunctmatrices. We
rst givesomebasicde nitions. A ¢-(v, k, A) pakingdesignis acollectionF of k-subsets
(calledblocks) of [v] := {1,2... ,v} suchthatary ¢t-subsebf [v] is containedn at most
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A membersof F. Oneusefulsituationfor usis when\ = 1, in which casethe packingis

calleda (v, k, t)-packing.NoticethatA = 1 meansotwo memberof F havet elements
in common.Thus,by Remark2 if k > d(t — 1) ad-disjunctmatrix A/ canbeconstructed
from a (v, k, t)-packingby simply indexing M's columnsby the blocksand M's rows by

memberf [v]. Moreover, by Remarkl we seethatif & = d(t — 1) + ¢ + 1 (g > 0) then

M is g-errordetectingand | £ | -errorcorrecting.

Naturally thebasicproblemof packingdesignisto nd thepadkingnumberD (v, k, t),
thesizeof amaximumi-(v, k, ) packingdesign Wewrite D(v, k, t) insteadf D1 (v, k, t)
when) = 1. Maximumsized(v, k, t)-packingsnduceverygoodpoolingdesigng§ BBKT96].
Unfortunatelyvery little is known aboutoptimal packingdesignsMost of whatwe know
arefor smallvaluesof & and¢. Mills andMullin [MM92] gave a nice accounton pack-
ing designs.To give the readera senseof how dif cult this problemis, we quotea result
on D(v, k, t) in Theorem2. Fromthetheoremit is concevablethat nding optimalset
packingis justashardasthe maincodingtheoryproblem[Rom93.

THEOREM 2. Let A(n,d, w) denotethesizeof a maximurnrconstantw-weightbinary
(n,d)-code then

D(v,k,t) = A(v, 2k — 2t + 2, k)

Let

viv—1 v—t+1
o = |2 |22t =]
thenSclonheim[Sch6§ obsenedthatD (v, k,t) < Ux(v, k, t). Equalityholdswhenthe
designis ary ¢-(v, k, A) design.In particulay sincewe wantA = 1, SteinerTriple Systems
(2-(v, 3,1) designs)andSteinerQuadrupleSystemd3-(v, 4, 1) designs)ould be usedto
constructdisjunctmatriceswith smalld's. Finite projective planesandaf ne planesare
alsot-designswvith A = 1 but they don't give goodpoolingdesigngtoo mary tests).The
only othernoticeableresultwhich concernsusis from Brouwer[Bro79, who determines
all valuesof D(v,4,2). For a comprehensie treatmenton designtheory the readeris
referredto anicebookby Beth,Jungniclel andLenz[BJL86].

3.2. Transversal Designs. Thesimplestform of trans\ersaldesignss calledthegrid
design To facilitatethe use of robotsfor pool assemblingthe clonescanbe arranged
into rows andcolumnsof a setof r x ¢ grids, whereeachrow andcolumncontributesa
pool. For simplicity, we canassumerc | n. Clearly, ambiguitycanoccurif therearemore
thanonepositive clone. The simplestexampleis whentherearetwo positives,saya and
b, lying on differentrows and columnsof a grid G. In this case,testingG aloneis not
enoughto identify a andb becausehetwo clonesc andd collinearwith botha andb are
alsocandidates.To resole ambiguity we wish to rearrange into anothergrid (giving
additionalpools)sothatc andd arenot collinearwith botha andb arymore. More grids
areneededf thereare3 or morepositive clones.In fact,if we requirea strongercondition
thatnotwo clonesarecollineartwice, calledtheuniquecollinearity condition thenHwang
[Hwa95 shavedthattheexistenceof thegridsis equivalentto the existenceof certainset
of mutuallyorthogonal atin squares.

Barillot etal. [BLC91] generalizedhis ideato k-dimensionalgrids, whereeachin-
tersectiorpoint couldbeviewedasa vertex of the k-cube.A new grid G’ canbeobtained
fromtheold grid G by alineartransformatiomepresentetly amatrix A 4 4. Thusavertex
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z = (z1,...24)7 of G ismappedo vertex Az of G’. A third grid couldeitherbeobtained
by using A twice (with transformatiormatrix A?) or by usinga differenttransformation
matrix B (with transformatiommatrix AB). They alsoextendedhe2-dimensionabrid to
higherdimension.Thesetof hyperplanesouldbetakenaspools,howeverthepoolsizeis
usuallylarge. Reducingpool sizeby takinglower dimensionis possiblebut thatincreases
thenumberof tests.Prosandconsof this approacthave notbeenstudied.

Thegenerataseof transvesal designwvasmentionedy Baldingetal. in [BBKT96].
Basicallya poolingdesignis trans\ersalif the poolscanbe partitionedinto parts,eachof
whichis apatrtitionof the clonepopulation.Clearlythe hypercubelesignis aspecialcase
of transwersaldesignsNot muchhasbeenstudiedtowardthis generalirection. Relations
of this problemto CodingTheoryis alsospeci edin [BBKT96].

3.3. Direct Constructions. Macula[Mac96, Mac99 gave the following construc-
tion of ad-disjunctmatrix. Let §(m, d, k) be a01-matrix whoserows areindexedby the
d-subset®f [m] andwhosecolumnsareindexedby the k-subset®f [m] where 3} > &k >
d > 1. §(m,d, k);; = 1iff thei*" d-subseis containedn the j** k-subset.It is easyto
seethatd(m, d, k) is d-disjunctwith (") rowsand(}') columns.

The numberof teststo numberof itemsratio of 5(m, d, k) is (") /(') whichiis not
sogoodin termsof therandomboundgivenin Theoreml. However, Maculashovedthat
with high probability 6(m, 2, k) could solve the S(d,n) problem,effectively converting
a deterministicconstructiorto a probabilistic(random)one. This point will be discussed
furtherin alatersection.In addition,m andk couldbe chosercarefullyin certaincaseso
suitone's need.However, the methodof choosingtheseparameterseedsmorethorough
analysighanjusttrial anderror.

4. On Constructions of d-disjunct Matrices

In setpackingdesigns the matrix M wasrow indexed by all elementsof [v], and
columnindexed by selectedk-subsetof [v]. Looking at this from a differentangle,the
rows wereindexedby all pointsatrank 1 andcolumnsby sampledpointsatrank k of the
BooleanAlgebralattice B, (seeFigurel).

Onthe otherhand,Macula's constructiorinvolvestakingall pointsat rankd asrows
andrank k£ as columnsof our d-disjunctmatrix. Macula's designrate wasnt so good
becaus@umberof pointsatlevel d is too large. However, if we pick pointsatlowerlevels
thand to betherows, thenthe matrixis not d-disjunctanymore.

Stretchingthis line of reasoningpnemight hopeto someha take sampledoointsat
differentranksof B,,, nottakingall points.NgoandDu (1999,[ND99]) tookthisapproach
andgave thefollowing construction Givenintegersm > k > d > 1. A matchingof size
lin K, is calledani-matching.Let M (m, k, d) be a 01-matrix whoserows areindexed
by the setof all d-matchingon K»,,, andwhosecolumnsareindexedby the setof all k-
matchingn K»,,. All matchingsareto beorderedexicographically M (m, k, d) hasal
in row 4 andcolumnyj if andonly if theit* d-matchingis containedn the j¢* k-matching.
ThefactthatM (m, k, d) is d-disjunctis notdif cult to beseenNoticingthata k-matching
is a k subsetof [(*7)], becausehe setof edgesof K»,, is exactly [(**)]. Fromthe
above obsenation,this constructiorcould be seenastaking from B[(Q;n)] sampledooints

atrankd asrows andsampledpointsat rank k ascolumns.Ngo andDu alsoshavedthat
M (m,m, d) is d-errordetectingand| ¢ |-errorcorrecting.

On anotherdimensionthe BooleanAlgebrais clearly not the only lattice we have to
work on. Someobviousquestionsarisingwould be
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{1,2,. ..

v}

N
N/,

Figure 1: TheBooleanAlgebral attice

(1) BesidegheBooleanAlgebraB,, whatareotherlatticeswe canuse? For exam-
ple,onecandidates C, ,,, thelatticeof all v tuplesof Z,,, whichis ageneraliza-
tion of B,, sinceB, = C, 2.

(2) Which conditionsmusthold to pick sometwo levels of the lattice to construct
d-disjunctmatrices? To avoid beingtoo vagueandfor the easeof analysis,
we could restraintoursehesto the latticeswith someregularity constraint. An
examplewould be to work on latticeswherethe numberof pointscovering a
pointp atrankk andthenumberof pointscoveredby p depencbnly on k.

(3) In termsof errortolerancepropertiescanwe from the lattice infer someinfor-
mation aboutthe error correctingand detectingcapability of the matrix being
constructed®

With respecto questionl, Ngo andDu [ND99] foundthatpicking pointsatlevelsd
andk of thelattice of all subspacesf FF; would alsowork. This constructionjn fact,is
theg-analogof Macula's construction.

5. Random Pooling Designs

Randondesigngeferto thedesignsvhosematricesarerandomlydeterminedn some
manner Thefactthata designis nondeterministieneanghatit is possiblefor somepos-
itivesandnegativesnotto beidenti ed. Let M bearandomwv x n matrix, our algorithm
of identifying the defectvesis the sameashbefore,namelypointingthoseitemscontained
in negative testsas negative. Theseare calledresolvednegatives Clearly, anitemin a
positive pool whereall othersin the pool areresohed negativesmustbe positive. These
positiveitemsaresaidto beresolvedositives Let N (P) denotehenumberof unresohed
negatives(positives).Baldinget al. introducedseveralcriteriato comparedesignssuchas
P(N = P =0), P(N = 0), E(P), andE(N), whereP(X = j) is the probability of
X = j andE(X) is theexpectedvalueof arandomvariableX . We would like the prob-
abilitiesto beascloseto 1 aspossibleandthe expectedvaluesto be assmallasthey can
get.

5.1. Random Matrices. Erdos(asusual)andReryi (1963,[ER63]) rst introduced
randommethodsn searchproblems.Much later, Seto (1985,[Seb8%) adoptedheidea
to grouptesting.To constructa randomdisjunctmatrix M, we simply assignl to anentry



A SURVEY ON COMBINATORIAL GROUP TESTING ALGORITHMS ... 7

of M with some x ed probabilityp. Givenn andd, p andv couldbe choserproperlyso
thatthe probabilityof M beingd-disjunctis higherthansomecertaintolerablethreshold.

Although this methodis not usedin practice,partially due to its bad performance
[BBKT96], theideacanbe usedto obtainvery goodboundson the numberv(d, n). The-
oremlis anexampleof suchrandombounds.

5.2. Random Weight-w Designs. If a cloneis containedn no pool, we don't have
ary informationabove theclone.If a cloneis containedn every poolandit happengo be
positive, all teststurn outto be positive andthusthe amountof informationwe getis also
zero.Onthesamdine of reasoningadesignwith aclonecontainedn toomary ortooless
numberof testsis not good. Moreover, if the numberof poolscontaininga clonevaries,
thenthe analysiswould be very tediousif notimpossible.Consequentlyit is reasonable
to attemptconstructingandommatriceswith someconstanweightw, wherew couldbe
chosento optimize someof the ef ciency criteria. This could be doneby assigningthe
columnsrandomlyto w-subset®f [v]. Thesedesignsarecalledrandomweightw designs
Let the correspondingprobabilitiesand expectedvaluesbe denotedby P, (-) and E,(+)
respectiely. Let W (:) denotethe probabilitythata particularsetof  poolsis exactly the
setof poolsnot containingary positive clones. The following formulaswereobtainedoy
Brunoetal. [BKB*95], andHwang[Hwa99.

(5.1) W) = hi(—l)”"’ (h:) [(zz‘;;)r

. L (6]

(5.3) Bu(M)=(n-d)3 ( ) 2
=\ Q)

An openquestionis to nd w sothat E,,(N) is minimized. Notice that theseformulas
were calculatedgnoring the factthatin practicewe don't wantidenticalcolumnsin the
matrix. Thereasornis thattakinginto accounthisfactmakesthecalculationrmoredif cult.
Brunoetal. [BKB*95] alsoindicatedthatrandomweightw designgperformbetterthan
therandomdesigndiscussea@arlier

5.3. Random Size+# Designs. Dually, insteadof reasoningnthecolumnsof M we
coulddo the sameon therows of M. A pool containingtoo few clonesis wastedf these
clonesare negatives,while a pool containingtoo mary clonesgiveslittle informationif
thereis a positive clonein it. Hence,we could aswell randomlychoosethe rows of M
with someconstansize £ uniformly. Similar formulasasthosein the lastsectionswere
obtainedby Hwang(1999,[Hwa99)):
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W -]
S ([

(5.5) for0<j<n-—d

In the samepaper Hwangalsogave formulasto computeE, (P) for z € {p,w, k}.
HereE,(X) denoteheexpectedvalueof X whenM is constructedisingthe rst random
methodwith probabilityp.

(5.4) P(N=n-d) = [1—

(

Py(N =) > (v

i=0

;
()]

"k
(;
)

5.4. Random Designsfr om Deterministic Designs. Macula[Mac99] shaved that
his matrix §(m, 2, k) could be usedto solve the S(d,n) problemwith high probability of
successClearly thisis desirablesincethe testto item ratio of §(m, 2, k) is smallerthan
thatof 6(m, d, k) in general The probability, denoteddy Ps(n, d, k), canbeshowvn to be

n—i d
S (D () (W)]
™1
(@

For examplewhend = 5 andn ~ 1,000, 000 we canpick (44, 2,5), whichhas946rows
(tests),1,086,00&olumns(items),and Ps (44, 5, 5) > .97107.

Borrowing thisidea,Ngo andDu [ND99] alsoshavedthat M (m, k, 2) couldbeused
to solve S(d, n) with probability Py (n, k, d) of giving theright answeywhere

Pé(nadak) 2 [

E_(—1)it (B (Blea D (atm—ik=i)) d
(k)

Py (m, k,d) > [ZFI ’ i

Here, g(m,l) = (%7) (22,—?,' For example, Py/(8,6,9) > 98.5%, with the numberof
defectvesd = 9, thenumberof itemsn = ¢(8,6) = 18,918,900 andthe numberof test
v = ¢(8,2) = 5460.

Onecanseefrom theseformulasthat the ef ciency benchmark$o comparepooling
designfteninvolve complicatedhypeigeometridype of formulasarisingfrom inclusion
exclusionenumerationsThis makesthe analysisdif cult andtedious.Usually, whatwe
cando is to plug in someparticularvaluesanddo manualcomparisonwhich is clearly
not satishctorytheoretically More work needgo be donein asymptoticanalysisof these

formulasin orderto give satishctoryresults.

6. Err or TolerancePooling Designs

As we have mentionecearlie; whenDNA probingcouldbe error prone,which leads
usto the greaterchallengeof designingpoolsthat could toleratesomenumberof errors.
This problemis the non-adaptie versionof the seaching gameinitiatedby Ulam [Ula76]
backin 1976. Ulam's problemwasto determinea chosemumberu out of [n] usingthe
minimumnumberof question®f theform: Isu € S, S C [n]. Moreover, theresponder
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couldlie onceor twice. In generalthe questionsand answerscould be g-ary, i.e. each
questionis a partitionof [n] into ¢ partsandeachanswerpointsoutwhich part(s)ary of d
unknovnsbelongto. Up to e liesis allowed. It is easyto seethatour problemis thenon-
adaptve versionof this so-calledg-ary search problemwith lies whereq = 2. Although
quitealot of researcteffort hasbeenput on solvingthis problem,we only have solutions
for severalspecialcasesvhereq ande aresmall.

Adaptively, whend = 1, q = 2 Pelc[Pel87] solvedthecasee = 1, Guzicki[Guz9(
solvedthe casee = 2, andSpencelSpe92 provided a nearly optimal solution(up to a
constantfor generak. The g-ary case(with d = 1) wasconsidetby Aigner[Aig96] and
MuthukrishnafMut94] with completesolutions.

Non-adaptiely, severalauthorhave noticedthatwhend = 1, thedesignis equivalent
to ane-error-correctingcode.BaldingandTorney [BT96] studiedsereralinstance®f the
problemwhend < 2. They shavedthatanoptimalstratey is possibléf andonly if certain
Steinersystemexists. Macula[Mac99] shavedthathis constructioris errortolerableup
to certaincalculatablgorobability Ngo andDu constructiofND99] wasshawn to be d-
errordetectingand L%J -errorcorrectingin the worstcase put cantoleratemoreerrorson
average.

We needdeeperesultsandnew breakthroughs orderto improve our presenknowl-
edgeof themostgenerakaseof the problem,especiallyin the non-adaptie scenarioFor
example,we needgoodboundssimilar to thosein Theoreml giventhe numberof items
n, maximumnumberof defectivesd andmaximumnumberof errorse.

7. Conclusions

In this paperwe have givenanoverview of up-to-dateesultson CombinatorialGroup
Testingalgorithmswhichareapplicableto DNA library screeningWe have beenfocusing
moreon new classe®f constructiongot previously discusse@dndpointedout directions
to generalizeexisting results.We alsohave discussedomerelatedopenquestiongpopped
upin thisarea.

Finally, we would like to concludethatthis is ayoungandinterestingeld with deep
connectiongo Coding Theoryand DesignTheory We strongly believe that the theory
DistanceRegular Graphs,in particular AssociationSchemesshouldplay an important
rolein improving our poolingdesigns.
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