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34th AI\IlualOdnferenceof the Au,stralian Agricultural Economics. So.ciety, 

'Univerliity of Queensland, Brisbanet 12 .. 15 February' 1990 

The DecisIon to Fund a Research Proposal: 
Some :Results for Wool Production 

A. C. Wohlers) 
La TrobeU.niversity 

Chris Vlast-uiu, 
Australian Wool Corporation 

Abstraet 

.IzIthis.paper thedeterminant5 oUhc decbiontoCund a research ptop()s~1 are e~aminedusigg 
Productionltesearch AdvilJo~y Committee .(Pl~ACl data. The committee isa SUbCOllmli~tee of 
the WootRctJcatch and Development Councll (WRDe). A variety of de$ciiptive (correlation. 
pdncip~lcomponcnt~nd Cactoranalysis) .andin!erential (stalld(lrd multiple linea~,trunc(lted, 
logi$tic tegreSSiOn5anddtscriminantan~ysis)techniquesareappliedt<1 proposal data and the 
associated PRAOevaIlJations. l'hes~techniquesare,applied in order to examine the extent 
to whichteseatchproposal data can bequantifiedt ,simplifi~d and PRAC d~l:is,ions pledicted~ 
Th~ tepoft conclude~thatPRAC d~cisionsaredetetmined to .some e~tentbytwo uItdedyillg 
chatac:terisdes ofthepropo!JcU data:'demand' information which ·teIate$ t<1 industry needs 
and 'supplyt inroIlll~tiQnwhich .relatesto available .academic/instltutic:malskills in thevariotts 
researchareaa. Tnese.findingsare the. basis for changes to. the .re£ereereportss.entout to 
teviewers. 
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1 Introduction 

On~.orthe~eas ofhlte~esttotheRe5ec:lfcha.nd Development Departrn¢nt of the AttstraBanWool 
C()rp()r~t1011 (AWe) is the app1icatlon ot analytical techniques as tools :fordech;ion making in the 
AWGwith 'S; viewtob:tc:reasingeffi,ciency an.d cllttingcosts. . 

Inthbca:se,t It :wa.$dec:ided toexcuninethe process of ,selection fot fundingofresearehpro* 
posalsstlbmltted.tQ theWQolltesE!arc:h .and DevelopmentCoUllcil (WRnC)artdevaluated by the 
'WltDC's PrQduction Researm AdvisoryConunittee (PRAC). ,Behvee,rt200to250newproposals 
ti.rec:onsidered for funding e~ch year during theallnu.albudget 'meethlg ofPRAC. ~his committee 
is oneoffivecoromittee$ :responsible for wool-related research and ,is funded by the Wool Resea.r(h 
and Developmetlt Fund (WltDF) which is financed by WQol gfowers and, the Australian GoV'ern­
,ll1,ent.t AbQut$23millionot the total budget of $56 million will be .spent on produdionr~se;lr(:h 
,in 1989/90 .E&chapplieationevaluated byPRACcont~nsboth budg~taryand technic:alinfol,"mi;'.­
tio~. Inaddition,.the Co.mmitteehtJjat le~t one rep ott on .ea.ch proposal from ,~1(.ternal referees. 
II.erereefSar~~ked torateeacilpt:oposalaccordlng to how it. meets certain critelia and area-hIe 
.toprovideadditionalcPIIlIJl,ents .if they desire.Con~eqt1ently, the committee faces a substantial 
'volumeolmatetial which must be processed ina short time.~ $aa,ny teeluliqu¢s which: 

..distinguish determining fadars in the clecision to funcia :propos;u, 

.. use this info1'JI1C1tionto rank proposals $0 as to distinguishbetwee.npatticularly tgQo(Palld 
partieulady'bad' proposal$,alld borderline c·ases. which may 'reql1h~e further examination, 
and 

.rorecast future fl1llding decisions, 

,ma.yease '.thework load.Stati$tical.teclm.iques wereehosenbeeausesomeof the informationusecl 
'byPRACcan be e~silyqt1antified. 

This q\1antificationcoJIlesaboutbec6lt1sePRACtnettlb~1'.ssco.ree~ch proposal betweertland ,,~ 
during ·the;uJJlualbndget meeting (Utdgiventhatther~are '12 'Illemb ers 1 each pl:QPosal w1l1score 
hetweell12 and'48. A low score jndil!atesapreferredprbposel. ,In. 1989/90, proposals with aPitAC 
sCQre ·Qf le!lsthan or'·eq~a1. to.33 werereco,nmenqed for funding. A referee's :report (see AppencUx 
l)consist$ of 15 .qt!e$tioIls,a.Il of whiCh U$e .a tategori.;i,ilratipg scheme (mostly five IeveIs).m 
addition, proposal CO$tand,sourc(!: (Le~CSIRO"tertiaryinstitutionet.;.l informatloncan he used. 
Consequently, :mod.~lscanbe constructed by considering the PRACscore or the decisionta fund 
or not to fund as,beingtclatedtoth~lreferees'que.stion scores and the C015t and source information. 
More fQnnAllythe PItACSCQreorthe lJllplicit ftUldingd¢cisionis anobservatiQIl ·on a dependfmt 
vi,triable:aIldtheother inf'ormationfOl'l11S.a,set ofob$ervations On ~numberore:z;plan().tortJ variables. 
The~tatisticahnodeJ.s in. thiSteport ;a.re,diiFerent ways .ofdesciibing the intetaction, Qfthese variables 
that e.: l1ble the investigation. Qf the following issues • 

• is any ;0£ the quantifiable information used by the committee to arrive at itsd~ci5ions ? 

e If it is, whiCh infotnlation is In.Oltt influentiCll ? 

• Which d(!clsionsnreunu$ucUorat VMiancewithotherdel!isions? 

,Can·proposalsbe t!LDlcedpriot toa PltACmeeting ? 

eQr.t.an the data be summarised or aggregat.ed in a 'Way that does not mask valuable informa .. 
tio1l1 
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2 The Data 
The 5 cpnp Ie d~ta.consish.of472. seU o£'bbserva.tions on,'22Qhew proposals considered fOJ,'funding .itt 
1989/90. St.or~s (j1l, 'individualquestiQu, w~teav~tagedininsta.uce~whentT10rethan one referee ·s. 
report WasavCJ.ilablepet .proposal. Nin.eproPQsals were deleted ft'om the .samplebecause referee 
t'epo.rhwer.¢.p~thdly comptetE!cl OrbeClitlSetnePltACscore on the proposal wasululvallable. Thb 
left211obsetvations .for analysis. 

Da..tCt: .for variables coming. frQIIlthe rerereeq\ie$tionnaire (see Appendix tl requjredsomepro­
c.essingpdor tQ use because of the nature of the individual questions. If the answer to ,Question, 
10 Wa5no therta..score of 6 was assigned. Qllestioll. 14 provides .anoverall project ranking. The 
A::;exeeUent, 13=very good. C::;g()odand D::fair :l'ankings were tonverted,into m.1mefic;al,scI.1res 
frorn ·4 to 1,. re!5pectlvely.Qucstion 15 was triinsform~d usiI1gthereciproc~ ·of 'the,prQject .t()'Ilking 
score. The higher this ,SCOre the more favourable the 'project wouldappea-rto· be. S<une yadt\,bles 
weresuUable for .thec:reation>ofdutnmyvariables like goall1untberorpt'oject 'number. For instance 
the prefix CSonthe pt,oject number designates that the .proposal COme$ frQntCSIRO. Hence the 
va.riabt~ OS takes two values:.O=non-CSIRO 'pr<;>posal, l=CSIR,O. Such a v().riablecan be used 
t01!sseS$ whether some resea.rch institutions are favoured over others when ccmsideringproposals. 
Data-on thec:o$tof eachpfoposal. isals() available. 

A.startingpoint for.theanalysisis toe~Clmine thedistrihutionof the ;PRACscore!5in the 
s~ple. As these scores; tonstitutethe,dependent varjable, a knQwledge of their dl$tribution might 
have SOme 'bearing ,on how the models I11ay'be expected to perform. The ·m().in point to note about 

F'REQ .cUM .. PERCENT CUM. 
FREQ PERCENT 

PRAC Score. 

12 - 18 13 13 6.16 6.10 

19 - ,24 33. 46 15.64 21.8.0 

25 - 30 25 11 11 •. 85 33 .. 65 

31 - ·36 27 96 12.80 46.45 

37 - 42 61 159 28.91 75.36 

43 48 52 211 24.64 100.00 -
a 1.0 20 30 40 SO 60 70 

FREQUENCY 

Figure 1: Histogram of PRAC Scores 

.Figure 1 is the number orproposalsn~ar the cut off' point Le., 13 percent ora total of 21 projects 
fall within 3 points ·of33. Obviously the various models are likely to do poorly in .trying to predict 
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the committee's decision Ior~hese 'ma,rginC»'projects.Co.trv.ersely it Is .hQPedth~t these models will 
dQcoIJlparativelyw~U inpl'¢dicting th~ COnurUttee's decision tm say-the top/bQttom 30percentot 
p7;'QPQsal(J~ 

S :E}xploratol'yData Analysi$ (EDA) 

3.t:E};x:am,ination of'Sab)ple Correlation MlltriX 

Although ,Figure 1 give$ some idea of hQw·the sample Qf .PltACscore values are distributed it 
gives noi<ie~howthi~disttibutionis related to the supposed e"planatory variables. It wQUldbe 
possible t.olookatthe distdb"tionof.eachofthe.explanatoryvariables in ~similar fashion or look 
at scatterPlot$.ofpairs ofvJU'iables, however given the number of variables in the .PRAC data. t.his 
would be rathertedious&IJ.d would.notreveal hQW more than any given ptl.iJ;' QCvariables interact. 
One technique that doe$pr()vide,an insight into how all the variables interad with one. another is 
th~examitlation of the $ample(QfflltdioTl1Jl.atri:z:w1U.<:his not~only 'valuable on iU owrt but isver.y 
impOttllnt in tnanyorth~ t~cluUqu~s described below. 

p 

.1\: 
V 1. 
A C 
R 
I. S 
A ,0 c 
& 0 Q Q. Q g Q. Q 0 

L R Q .Q Q Q Q Q Q Q Q 1 1 1 1 1 1 C' $ 

~ E 1 2 3 4; 6 6 7 8 9 0 1 2. ,3 4 5 S t 

:PUC_SCORE ... 41 .. 46 ,..40 .. 52 -48 -50-'51 -42 5 ... 33 -38""29 -49 -61 -43 -1.4 16 
Ql -4;1 46 45 39 43 45. 52 62 7 18 53' 53, 43 52 37 -12-.15 
Q2 -46 46 ,69 62 .64 52 49 45 20 43 ~1 22 61 11 42 i3. -1 
Q3 -40 4;5 59 64 64 57 42 33 11 33 36 25 51 61 35 6'!"13 
;,Q4. -52 39 62 64 69 58 39 .37 14 42 28 30 53 63 35 6 -8 
Q5 -48 43 64 641691 59 51 3.9 16 39 .38 28 54 70 44 11 -'9 

Q6 "':60 45 52 57 58 59 50 3215 23 46 38 52 62 28 3 -14 
.Q7 -51 52 49 42 39 51 50 55 5 21 43 38 45 57 35 "';8-38 
,Q8 -42 62 45 33 37 39 32 55 .16 21 39 49 41 57 35 -11 -9 

Q9 5 7 20 .11 14 15 15 5 16 .8 -5 1. 1 14 1 -5 17 
giO ... 33 18 43 33 42 39 23 21 21 8 12 -2 28 40. 26 1 -4 

.Qil -38 53 27 36 28 38 46 43 39 '!"S 12 57 30 42 22 -20 
.Q12 -29 53 22 25 30 28 38 38 49 1 -2 57 4;6 38 24 -2.0 -27 
,Q13 ""49 43 51 5j, 53 54 52.' 45 41 1 28 SO 46 63 ·40 3 -14 
Q14 -61 li21711 61, 'G3Iro] 62 51 57 14 40 42 38 63 62 14 -12 
Q1.5 -43 31 42 35 35 44 28 35 35 1 '26 22 2.4 4;0 62 10 -7 
'cs -14 -.12 .13 6 6 11 3 ... 8 -1.1 ",,'5 7 -.20 3 14 10 23 
·COST 16 -16-1"'13 -8 -9 -14, -38 -9 17 -4; -.20 -27 -14 ,-12 -7 23 

~~~~l~' • .".., __ "'*''''''''' '. 
lnQrd~tto:incre8.$~ ,read{}.bility oethe sample. correla.tion :matrix, in. the above tf~ole leading zeros and 
decimaipQintshave,been.omitted, the 1 ~s in the diagonaLhave ~een suppressl J and only two decimal 
placesareshovmhertce -41=-OA1,rton-diligoU(11 blank impliesri; < ·0.01. The interpretationnsed 
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herefollow$the'?~imlples .found 1n$ection; 3.2d;QtChatfield andCoIlins {1980}~ 'The'sample 
('on;ellltiQn 'ma.trix fqttlle PMC data ;i$·be$t examined, bY' considering "thesquilfed ¢Qrrelatio:ns. 
Ille 1'1, is,an~stimateorth~, ;proPQI;tion of the varla:nceof ;,'f(i expl;ulleg,by ~YJ' Co~sequently 
,if rl!$O.1 thenthetorrelation wiUaccotmt for leu tha.n50% ()f the QbservedvarhltiQninXi.> 
T}le level of,con:eb.tiOi:1; cqn;sidered of practical ,impQrtC1nc~ b up to the investigator. Chlltfield and 
OQUin! (19SQ)$uggestvalues .above.O.1tna:Ybe ,considered large. In this section and in subse.quent 
sectiolls where sample cQrrelationsare dbcus!ied. orilyrij ~ U.s will 'he considered. Smaller va.lues 
bnply that the .¢orrelationacco\1llh tor te$s than~Q%or theoQse.·ved. 'v~riatipn. 

One' general comment about the PRAOdataSaItlplecolTelat(onsis that therea.renon~greatf;!J.' 
~hallO. 71. Fu.tthermorethe latgest con-elations ate between .explanatory variable~ [Referee.question 
scores: Q14.and.Q2',Q148.ll.dQ5, Q4,and Q5)tather thanbetWEl'en thedependentva.riable (FRAC 
scote) and ,the expl~~t()rY variables. This is(tli.'therevi<ien~etha.t thePRAC :data .is faidy tnoisy' 
andanymoqebhuilt frQmtlu~datamaYhave trouble distinguishing aUh\ltthe best (or the worst) 
:PI'Oposais.Q9 has the lowest correlatiort wlth,thePRAC scpreand itscross.cQttelatioll. with other 
questi.ons in theter~ee .report islllso comparatively low. Itscorrelation$ with the PILAU sco.r¢" like 
the pJ:'9jec:t cost variable. h incon'ectlysigrted howevergivert:theitsm&U~bsolu.te value they~e 
ptoba:bly notsjgnificantly diff'etent from zero. :Intetesting1y. Q14 the oVer aU project ratinggiveuby 
the referee is :mosthighlyconelatedwith Q2 and.Q5.These .question$tela.teto :sc;ientific merltor 
theptoposlJl.an<ltJ;l~methQd ofanalyfJis1 re!;pectiYely. Thhresult.perhapfJ is 'll.otsurprisinggh·en 
that resear~ scientists 'are'~fJKe(l toass~sfJthe wotk of their colleagues. 

'rheCS ,and Cost variablenhave loW' correlations with,e~chotherandaUotherv~d~ble$. Asa 
result of these OQsl!J:'vationson.the sample correlationmatdx ther~.5t ·ofthis section wiUexamine 
the $tJ:uctw:c between the l:eleree questions (variables, QltoQUi).These ,va.riablesl'ePresentthe 
bulk()£~the data imdappear :to contain the highest ,correla.tions. These correlatioIl,sare suggesti.ve, 
or~elationshipsbetweenthereferf;!.e .. questions which x'equirefw:thE!ranalysis •. Such analys'i$' m~y ill. 
tUfll,lea.d .tosomesimplification or'sl.JJD.nlary o!.theinIormationcontained jnthereteree ques.dons. 
OOll.sequentlythe(oUowingEDAtechniques. emphilSizedime'Mior"al reduction(Le.re .. expressing 
the data with a sm~erset ot variables) and itsinterpret~tion. 

3.2 PrincipalCompQnent Analysis (POA) 

ThefoUowing description is.taJten, from Armand. Clark (1984) pp30.9 .. 31()! 

P.rincipa.l components ,annlY$isisperformed in ordel'to~hIlP1ifythe .des~ription of 
a set ·orv~jablefJ .• ,..The 't~clwjquecanbe SUll'1mlldzed asame:thod of trilns{orm,ing 
the original: variable$; i~ton.ew} uncorrelatedvariables"l'henew 'vari.ables ilrecaUed 
thel'rincipal ,~()mPQnimts.E'achprincip~. t:olIlponent is a. linear comhinationof the 
oris,inaivariables.OIl.e me&$ure :of .theamQuntof information tonveyed :by each principal 
cQlIlponent.ia :itsvadance. :ForthilJreasoIltheprindp~l cQmponenbarearranged in 
order .of .decreasing vatlante;. Thttsthemost inforJIl&tiveprincip~l component!s the 
first and the least'inform!1tive is the last. .... 

AninvestigatormllY wish to reduce the dimensionality oftheprob1emt i.e., .reduce 
thenurribet .Qfvarla;bleswithout losing much, of the illfofmation .. This .objective c:anbe 
achieved by choosing to.analyse. oruy the first 'lewprindpal component.s. The principal 
cOlnponents not analyzed convey only a.slnallamotultofinforma.tion since their variance 
i$ ·$tnalt'l'histechnique isattradive: for anotherreason,namely, that the ,principal 
<;ompOIlentS2lte :not.inteJ:correlated. Thus im~tead of analysing a large number of original 
variables withc:omplex interrelationships, the investigator can analyse a .smallnllmber 
ol~1.U1correlatedprin.eipal components. 
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3.~2.1 T.h~ory 

Con$ideras~t of' 'variables .Xlt~Y~, .. ""'Yk. ,PCAproduces a news~t of ~'tlriables 1'1, Ii ... q ric 
(pri~cip<il(:ompqne~ts) ,vlU.ch ·are linearcombinat.ionsof theotiginal varhlbles; 

1'- ;:::: tlllXt +auX, ,~." +aUeXk 

I 
1 

Y2 = a21~t 1 +a22.X l + .,.+a2kXk 

;;: 

Yte ;;: a~14tl + ak2~\'"2 + ... + tlkkX" 

:Che (oeffi~lentsalJ .a.re chosen so. that; 

.Cov{~~'lj) ;:::o,rori~i =: if.'" It, and i:f:. i;theprincipalcornponelltsar.euntorrelated; 

-Var(l'il.2:·V&f(YZ) 2: ••• ~ Var(Yk), they are. in order' ofdecteasing vl1riance, 

(1) 

•. :E7::1 Var(l'i) == '2.:t=t(7'~; the Sutn of the variances .ofthe ,principal components equals the 
V1,U'iancesofthe odgin~ v~iable$~ 

'.the iotalVl,u'iationmthe d,atJl.{as1l;leasuJ'ed by itsV1U'iance) c.annotbeeasily partitionedaIllongst 
theodgin~vatiablesbecal1setheyarealmostcer.tainlycorrelated. However the principal. compo­
nenbareun.cor:telateclsQ.that theitvarhmtes (called eige:nyalueseXtracted from the cortelation 
matrl:x.)pa.rtition ,the ()b$~n'~d Witi~tiQn in :th~d~t.~. Byrankmgthelj's by their variam:es theIr 
relative im.port~c:e to the total variance of the data c:anbeassessed. the otlgintl.l ~dable$ .could 
abQ.beranked inthi.waybut because they arecorrel~ted ther~ativesizeortheit contribution to 
the obseJ,"vedvari"tiQn i$ :hardto unravel. It is.importatlt toreaUze thatprbldp~lcomp(mep.t$ .of 
as~t Q£va.riabl~s depend.critic~y:upon"the!5ca1es 'U!edtoJne&sllf.e thev~ia1:>le$.Thi$ isuottoo 
stmldsing Whenot1econsidetshowth~.principalcomponent.$at'e de.fuled,as .. tl,. ,line",r combination 
of'vanaQles.Clel1tlythe IOil.d1ngs wQuldchanga .iethe llllit$orthevatia.bles Were ,changed .$0 that 
they had, :Il. different, ,PUUlerical.relatioIlshiptoone allQthe,t.Asa conseqqence or thi$ peA .is.usq· .. 
~yb~edonst~dardiled vad~bles (to standardise a ytl.l'iable involves dJ.viding it .byih$tandlJ.rd 
,d~'datio1l1YihiCh: 'all havethesatne 'scaIe.StandardisatioIl has the .effect QfinlakillgPCA tteateac::h 
\-ariaQle:()nth.~saIl1e IootiIlg .• 

3~2.2R.a.ulborpOA on PltAC data 

Th~appUcatio:rt orpCA t() the ,PltACdata involved finding principal components amongst the 
varl1\blElSfel~~illgtQtheJ,"d"ereeq~e$tions (Ql to Q15). The 'aim was to see if a few ptinc:ipal 
components c::otild.ummatisethe information in these variables aIle.. whether these :c:;omponenh 
C::Q1lldbe,ti.5efully' interpreted in the~onte~t QfpQssible criteria. of proposEllsuc::c::es$.An~all'5b of 
the PMO data revealed :that.uttll:)st60l'er cent of the observedvari~:nc::e is 'accQuntediorbythe 
fifsttwocQmpQnents. The other c::omponenh individqaUyaccount for very little or the vttriance. 
Theproblelllis decidiilgwhich todl$card.Clearly tbefirsttW'Q (ompone.nb Jlfe importaQt.But 
how 'many 'mo~ecoIll.poneIltssho1l1d be retained? A useful graphical tool in tmscQrttext.is a scree 
ptot (seeFi~ure 2). In, thils .ntdhod,llarnedafter the rubble at. the bottom of.8. cliff,theeigenvaluc$ 
ot~ach 'C(mlpOnen~a:te 'plottec:iinorderQ($ize,and.thenthe elbow in the cUfveisidentUied by 
ap~1;yi~gt$aYla!strQ.ightr1e;e to \tbe bottom proportion. Qfthe eigenvalues to.see 'wher¢the1 form '8. 

$tr~ght line. l'he .number ·ofcQrIlponents.retained is given by the point at which the. compone.nh 
eurve~boveth~s~raight lillefo:.meQ by the smaller eigenvalues (Dillon and Goldstein (1984Jp4S-
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e 
i 
9 4 e 
n 
v 
a 3 1 
u 
~. 

.. 

.1 2 345 o· 78 9 10 11 12 1.3 1:4 15 

principal tQmpon~nt Number 

F'1 gur~2!Pl(Jt· ofE. igenvalue.$ versus Prinoi pa.1Componen t Number 

Ql ' .• is: directlyappU~~bl~to ic!entitl~d •• R&D goal' 
q2 ' .. ~ignJfic~t scientific .metit1 

Q3 ' u .obje.c.tive~ dearly .$tated t 
Q4 \. understancUng of topic incUcated* 
Q5 t .. methods Happropriatet 

Q6 ',.personneljfaciUties adequ&teforproJect' 
Q7 'hcost8reasonableinrelatiQnto •. benefits· 
Q8t .• it:\crease$. in productiv,ity to woolgrowen .• t 
Q9 ! ' ~.tesult$ napplicabtetoerttire .. lndu$tryt 

Q10 " .• duplication? .. warrant~d l' 
Qll 'i 'COIlWltuUcation to ,. llset$ •. easilyachieved' 
Q12 J 'ushorttime before findings .. adopted .. ' 
·Q13 ;' .. probabiUt, otachievi11,g project objectives •. t 
Q14 i Overall :Project .Rating 

-~,B!2~. :J ~ProJ~;L!!~~!J,~. 

Yt Y2 
(ail) (at') 

0.270 ~.307 

0.300 0.241 
0.284 0.177 
0.290 0.244 
0.308 0.197 
0.283 0.015 
0.269 ·.162 
0.254 -.250 
O~063 t 0.216 
0.110 0.395 
0.220 ·405 

. 0.209 .. ,499 

. 0.277 ·,002 
0.335 0.093 
0.222 , 0.065 

For the :sake oCbreV.ityandease of .interpretation the approaehtaken b to examine only the first 
tWQ'ei'genve«:tors (¥iand Yi whie:hac~Qurtt fot45.9%and.l0.7%ofthe variance respectlyely). ,\Vith 
.the ,)?RAOdat •.. $et it was felt that having to analyse more :thant\voprincipal components given the 
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e~plQra~()rynat1U'~orth~ lnv~$tigatiQ.n. was unjustifi~d. The~trottrequitedtiointerpret '~$oluHon 
Qfmore th~two dhnension,· was not cotlsideted worth .thecQst. }~~ has .relatively high loadings 
lotv()Xhibles Qlto Q8.Q13, ;mdQ.14 .. Ql .to Q6,l;lnd:Q13are question.sithat could he (cU\strued 
a.$ related to the5dentifi~. oracadenUcqua.Htyof .theproposal. VariableQ 14 is an overall proposal 
ranlUngt Vlastuin (1989) ,has describeg,thesequesUon$&5 meas'l.ifing thequalilY 'lfthe supply or 
research 'from :sdentisb~nd:r~levan~ :resee.rch institutions. Variables Q8 toQl2 ('anne taken as 
me~suritlg use!1.l1,p,essof ia.ptopo!a.l,to the ,ratrn~rsand .th¢ Wool growing; industry as a whole {Le. 
ea$.e.of: communication, r~geand (sp~ed o(appUcation etc.).VIC\stuin (1989) has described the~e 
,qW~$tions .~. mgasuring ,thedemandfQr ir~sear~h. Th¢d~11la.nd qUestiol.l$as '~group do not load 
l).S heaviltQn. l'la$ they do on y~ (espedally QUand Q12). Anothe~ point to note about l~ i$ 
thatth~. :.'9pplyvatiable loadings havepositivesign$ whereastne demand variable lo~dings tend to 
h.av~n~$"tbe. si6l\s,Cons~q~endy,.l;canh~ !leen to describe the supply attribut.e$ ofa proposal 
and y% ,('ontrtl~t$ the supply and demandatttibutesof a proposal. To examine It and l"'~ ih.mQfe 
d.etail ,th~irstQt~sfor ,each observation has been plotted in Figurea. lnaddition to displaying the 

¥ 
1 

-6 

HIGH DEMAND 
(LOW SUPP.L.Y) 

• 

... 3 ... 2. -1 

ft.. ft tt 

o 
Y2 

• 
HIG.H SUPPLY 
(l..OWDe:MANO) 

1 

It 

·tt· it es ~1i7 
'If 

PRAC :SCORe:S 

* l;.E30 
:'GT 30 AND ,1'E 33 
o GT 33 AND ~E S6 
* 'OT36 

4 

Figure 3: ~irst Principal Comppnent (YI) versus 
the Second Principal Component {Y2) 

first hVtlprineipa1e:ompOn~ll~ $cQf~sthis figurett!!esa ·~yrnbQl code that indicatesmernbet$hip of a 
range:of .PRAC$~oreS, ClO!ledstars represent the' ~verygooc1) pr(:deets which. receive a score of 30 
or leis~Open$t.at" .represent thetvery :bad' :projects that receive a $COtegreater than 36. Mtlt:ginC1l 
ptQjech'8J'ed,enoteti bycirdes, dosed circ;leJaresttceessful (score from3l t(33)and open elrcles 
un.,$1.leces .. £ttl(_eote from 34 to 36)~ It is apparent .from the FigUI'etha,t considerable overlap·,till 
existsactossthefo.urgroups,neverthelesssomestructurebevidellt with the ·very had.' .projects 
figuringpredominently inthe,hQtton1 hIdf ~ofthegraphang.the 'very good 'projects iIl the upper 
half. some ()'~tliers ,ate &soevident. An interesting result :is obtained .if one examines the scatter of 
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theV·Qiuh~sth.~Yl'elate.lothe hQdzQntala:~s. Note that YihM a range froma,pproximately ,.2.5 
,to 3~S 'suggestiit,gthata decision .tQ.funda, ,pro{)Qsalb ,influencedmore'by'supp.ly' than ~demat1d· 
type :eharadel'bth:$.More lnter(!~ting i!lthef(lct that the.marginalhut fuudedpfoposats (closed 
cl,tdefi') Ue cpfedQnUt\~ntlYQ.n.lh~tight h$Ild _ideQf thevertic:al refeten~e line suggesting that supply 
fa<:tQi'$dorninate.Furtllf.l'i:lnltlysisu.long .these lines withpatticuhLrreference to Jndl vidual outlicu· 
h ·fQ1U;l,din Vlashun (1989). 

Proje~ts lYln,gattheextreme eu<;l$ of the 1~211x.ishaYe been identified: to further iUustra.tethe 
idea :(if ';demand~vel'$u.$'$.p.pplylcharactedstic$of a 'PJ:'op,Qsal and their associated scores for :ea,¢h 
q\J~stiQn:aregiven in the following t~ble. Mean SCQres .fot<each que$tion tor the 21tprojects t.t.re 
alao feported.lStand tD' jdeJlUfyq~¢5tions:which are ofllrimary 'interest to the re$eil.rcher a~d 
the ''WoolgtoW~:tt ,respediveb~and ,relate back to the ,sign of thecoefficient$ ror :t;glven ,above in the 
table o(th¢nr$ttw() pdn¢ipalcomponenb. 

V;n.,.~br; We;cr1PtiQnTS~".App~idiilf M. '". ean. '": "AttJ;ib'ute' 'SupplYD.rivenOemandDrlven 
,;'(,I! . ,Score 0$127 UA 3.2 ~ DAW 174 DA\Y 31 
.Ql ! ~ .. ,isditedly,appUcableto 4.2 D ~.6' 3~3 S.Q 5.0 

'I' identififad Hlt&D goal
i 

.Q~ ' •• ~igtJ.ificrt.Q.t .scie.lltifi,c merit' 3.7 5 
Q3 'j' ', .• QQjective$cleatlystated'3.9 S 
Q4 , ' •• .understlln<Ull:S, of to, pic 3,'7 S 

. t .* indie~t¢d' 
f 'h .method, ...appropl'iate' 
t 1 ••. per,!JQnn~ll(aeUiUe$ 
t a.deQ\1ate :(orpr9ject' 

Q1 t ' •• cO$ts;re~ofiable in 
f tel~tiQnt(). .. benefits.-

Q8. · (t •• inctt:a.$¢$lnprod\lctivity 
jto wool!fQwers./ 

Q9 j t 4.:rC$lllh ..&pplit:abt¢to 
jentire .. indu$tl'y't 

3A 

Q10 ! ;.. duplic~tio~?,. warr~ted?j 5.1 
Qll t COJllll1Wi1c;atu;Jnto H users • .4~7 

( ~~ily~chieyed' 
Ql2 !; .. ~hodtim~beroreMdings 

s 

D 

s 

5 
D 

D 

4~O 
4.0 
~.3 

3.3 
;,l.7 

3.0 

2.3 

4.3 

6.0 
1.7 

1.3 

4.7 4.0 3';() 

4.7 4.0 3.S 
4.3 5.0' ,2.0' 

'4.1 $.0 3~O 
5.0 5.0 4.0 

3;7 5.0 5.0 

2.3 3.0 4.0 

2.0 1.0 1~5 

6 •. 0 4;0 6.0 
2.7 5.0 5.0 

1.3 5~O 5.0 
'I ..a.do,pted.~t 

Q13 '1 l •• prohabiUtyQf achieving 
I, ptoJe~t .( .. hjet<.t1v~s./ 

0.6 OS 0.8 1.0 0.1 

2.3 3,3 2.0 2.5 Q14 I'. O.v .•.. erall ..... P.t:Q. J~c~./Rat .. ing 
Q15,Projed ,RanIuug . 

204; 
2.3 2.3 1.6 2~O '2.1 

E~anUnat.ion()rtluS' t"ble clearly dernonsttatesthatproje~ts 'OS 127' and 'UA32 t while very good 
$~lentific:researchpr()pps~! are less llkelyto lead t()$ignificant spin-offs towoolgrowets.ConverselY, 
p1."Qje~tstDAW t74 i and '.DAW3t·are less resea.rch oriented. but cUrectlyacidressproblems faced 
by woolgt()wfts. 

'3.3 Faf!t9J; ,Analysia (FA) 

FA tleri:ve~ :new~i$ble$calledlac:tors whidl try to explain the interrelationships amongst variables. 
It may $eeIllV~tY $irnilar .to, PCAhowever it approac;hesthe iSilue ofpJ.'Qblem shnpUtcation from the 
other' '(ijrectiou". PCA$eelc$t()sitl)pUfy 'th.e 'problem by reducing the dimensionality of theda.ta. 
amtfe~xj;)t'essiIl;J 'it intel'll).$ oftlm:Qrre1ated variables (principal co~ponents) .. FA tdes to simplify 
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th~ pfoblem, h'y~pres$ingthevo..ri(lbles~y ,~$tna.Uer $cet of fac;tors w.hich~re se¢nMgenerating the 
c:ibs~rvedY~illbles. 

~.~.1, ~h®ft 

iConstderasetol 'variables· Xl, ~,~, •.• , X If w.mchhave been standardised. Theobjeet of FA is 
to .tepr~setl.tE!l\~h ·of thelJe variables as a 'linear ¢ombinatic)Il of .. ~.smallerset ofcQmman /actQf:J 
(Fh!Fi~ •• ""Fm)plll:s a:f~ctot uni.que to. each vari.able (ell e2t ••• tCk); 

=lu.F1 + 112F2 + ... + 11nt
F

m + et .1,., = 121Ft. + ,.122,F~ + . , . + .1,2rnFm + C2 

~ 

;It,. = llelFl + Ik2F:a + ... +lkmFm +ek 

where the following ass~ptlonsal'emade: 

tim, l$.thenumberot common rac:tOrs (typically much smaller than k), 

• li'i. F2i"'" Ern are assumed to :havezeromeansand unit, 'Vatia.nce$, 

• Iii is called the ,loa.diTLgofthe:ith vadabl~on the jthco1Wfion factot. 

eet. e, •.•• :t~lcare ,independent of one ttrt()therandth~ conunon factors. 

(2) 

Thelf.bovef,!q~aU9J:l,.~ndasll1.ll'nJ?t(ons .cQllstitutethe lactt:'r rn~el. Thus each variable l$C::Oinpo$ed 
of a pat'tdt1e .t()tOm.n1on(adQrsanda Ptltt. duetQ its own. urtiqtte ractor.CQmp~dng Equation 2 
with .EquatiO.It 1 we$¢e thatthefactor.model wQuld,be themlttQI'lIIlage oUhe pdrt.cipal C:Qip.ponent.s 
desqiptlon lfnot {Ql' the p~e$enCe o{ the :e.'.$artdthereqairement thatm <k. ideallY, the number 
Qr lattot.,.,houldbe lcnQwninad,va.uce. 

A .nt~jQt Unpllca~iQn()£the l'1I.c:torrnQdet given above is that the variance of .. y, lS broken into 
t\Voparb which together ,m:ustaddup to '1 bec::atl~e of ,standardisation . 

.. The'communality. hl QfX, isthatpat't of the varianee ,dUe ·to the conunort (<<ictors. 

• The :spec.ijicity: ul of .. ;"(i .is that part Qithevaria.nce duetoei. 

ThefiltmeticJ.i:aspeds offactor an~ly5i!are t.oncerned with finding estimMes of the factor loadings 
(lu)andc()mmunalities (hi). Thet~ a.rem~y ways. offl.nding thesequa.ntities,theprocess !stalled 
JniUql f(J.t:.tQre~fnl~tiort.. One :method whlcn is used, .in this ,paper 1$ to use the :majo;rprindpal 
component!! ;toundiI:t peA 'as the initial factoJ;'s. As Was $hown bl Section 3.2.2thCltthe initial 
:factQts (i.e.the.fi.uttwQprindptUcomp(m~nh it; this case) (tre notalltbateasy to interpret, this is 
ttu~ .no mAtter wh~t llleth.od is used for initial factor e:l(;traction. C()nsequenUy tuFA the va.riables 
aretrilllsfo.nned(rotated) in the factor ,pace tocnapge the loadings .. 50 that they ate either near zero 
or Ileat i!: 1. {'deally we 'wish FA togivc1 for any given va.riable~ a. :high loading onortly ane factor . 
.lrt.bis is thet~set it.iseaJY to give each factor an interpretationaris.ing from thevariClbles with 
whicl\ it b :hi'ghly (orrelated (hJgh loadings). Therota.tions can be (}rthogc:mal, t.hatis therota.ted 
f~<.;tOr5 reIrts,ill\l1tconela.ted or oblique,. the resultant ractors are correlated. Oblique rotations are 
'u$efUliffor the .&keo! dearet Interpretation we are prepa.red to relax the requirement tha.t the 
factQfS ar¢ unc;;QJ'l'elated. 
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3,:i.~' lte$ulhQt FAQn, PRAC data 

(In the basiJof thePC:.A and in order to ,keep the :analY$l$simple, twa, {actors were specified. The 
rQllowin,!t~ble 'cohtrun$ factor loaditlgs .fQrtheunrotat~d.orthogonal ~nd obUql1cfactor.solution$. 
Tbe numbers inth.e :Ptand F,tolum.ns ~re the loadingslila.ud Iil valttes (see Equation ,2). The 
rollQwing,~Pllroach is taken from Dillon a.nd Goldstein (1984)p69. 

l,. Fo,r each varlabletplacea.n~tedskagt\instthe loading with the largest absolute value. 

2~ IheitUlJdedine the loading if it b ofpractic(tJ significance; whicl1inthis case mEluns that 
III ~. ,O~2Q {the, loadhlg is lhec;orrelationof theith variable with the jt.h f(letor t ,hen~e ,the 
squ~eQrthe lQading winlnc1.i~ate what proportion of the variable '5 total variation haccounted 
{otby fador jiSO I;J valu.eslE~s$than 0.5 are e()nsid~ted of little pradi('allmp(H;t.anti~}. 

3, Try ;toassignsomem({llniug to.thep.atternof factor loadings. Assigntlname or label that 
reflects to thegre~te5t ext(!nt :p.ossiblethe(ombineclmeaning of "llriables that load on each 
{actor. 

Ql 

q2 
Q3 
Q4 
Q5 
.Q6 
Q7 
Q8 
Q9 
Q10 
Ql.t 
Q12 
Qt3 

Q14 
_w,5~t5*~, 

•• " is dir:ectlyapplicableto identified 
•• ' a&Dgoalt 

J •• $ignlflcant .scie.ntlficmerltt 
' .. objectives clearlys.t,,-ted' 
l •• ;understandiIl.goftopie .indic(l.t~d' 
·~.lll~thods ... appropriate' 
t •• per~onuelfradUties adeql1-ate .for ptojeet t 

).. C!?$t$: l'~asonable In relation to •. benefits' 
' •. inCl'ea.ses inpro(iudivityto wOQlgrowers •. ) 
i .. tcsu.lts .. appUcable tocntire .. industry' 
;.. duplication 1 .. wcuranted?' 
'Cornmun.ication to .. users ..easily achie.ved·' 
• •. shod time before findings . . adopted .. ) 
1 •• prC'ba.bilityofachlevingprojeet 
obJectives.,· 
OveraUP.loje~t Rating 
Proje~ ... ~_ 

Unrotated 
FIF.a 

Orthogonal 
Fl F, 

JJ.* ... 39 .24 .J1: 

.da! 
.75* 
"'6* . .:J...... 

.:§l! 
.74* 
/10* 

..&I! 
.16 
.45 
.58* 
]5 
.:1.£ 

.31 11!' .32 

.2.2 E .36 

.31 .76* .31 
,'25 :75* .38 
.02.55* .5.0 -·.21 .36 .64* 
... 32 .26 .. 69* 
.27* ,:n * · .OS 

.:.2Q! ..:§1! ·.05 
... 51 .06 .77* 
... 63* ·.05 "]3'* 
1l . .:JE:-:5l 

~ .12 
.58* .08 

..J.!! .52 
.48* .34 ,,-, 

Obliq,ue 
Fl F2 

.79* .09 

.69* .15 
'.78* .. 01 
.75* .16 
.48* .37 
.23 .:M! 
.10 ~ 
.37* .. ,20 
.78* ... 29 
... t5.84* 
... 29 ~ 
.45* -:39 

,.66* .34 
.44* .22 

In thetUl!otated ,ra~torsplution, man)' of the $upply (see peA disc:ussionabove) v(l.riables load 
heavilyonFi (Q2to Q5, Q14) whereas some of the demanclvariables (Q 11, Q.12) have appreciable 
lOilding$ O.U ~F2' Although theta seems to be some pattern it is not dear cut. If we imagine .the 
lQ~dingsare like the eo-ordinatesQ.f the variables In Fla.nd F2 space then rotation of the axes 
may itt.c:rea5e (Qt decrease) the variable .loadinJs thus makmg .the factors easier to interpret. The 
orthQgonal X'otationcteate$ new (actor axes w hichare stdl at ;tight angles to one another as were the 
qrjgmal axe.s. '.rhe ,abovctable shows that the orthogonal solution is more clear cut: variabl~sQ2· 
'lOt Q10.Ql3-Q15 clearly IQad on ,Fland Ql tQ7,Q8,Ql1andQ12 clearly load onF2. If a rotation 
uffac:toraxe, :is used that does not ,require the new axes to be orthogonal (oblique rotation) the 
patterni$ fUrther ~laritied.The effect of the obUque rotation is to make the non.significant factor 
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Ftgure 4: Correlattons of QI-Q1S with 
001 tque. Factors (Refer.enc.e Structur.e) 

1.0 

Figure 4 i" the graphica1.repr.esenta.tion of the 'results of the. oblique rotation where Fl h~s been 
renamed'Supplyt and F2 renamed 'Demand'. It is a plot of the reference .,tructure of the factor 
solution whiehls the ,matrix of semipartlal correlations between the variables and the common 
factors ortSupply1and 'Demand'. where for each factor the e.ffect oCtheother factor has been 
removed. The we of the reference structure arises beca.use with an oblique rotation the common 
factors are correlated so that the variable loadings do not give a dear indicati',n of the simple 
correlations of the ~ariables with the factors (for orthogonal rotations the factor pa.ttern and the 
reference structure are equal). Notice the varIables grouped together high on the Ft axis (Q2, Q3, 
Q4, Q5 andQ14) and those associated with the F~ aXIS (Q1, Q8 and to a lesser extent Ql1, .Q12, 

Q1). 
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Ftgtlr.~ ,5: Plot.of S..upp.ly 'and OemandF.actors 

Figure 5 is a plot Qtthe factor ·scores .. It ,is instrnctive to comp~e this plot withthepl'incipaI 
components ,scores' (Figure 3) to see how the two technlques.differ but giYe .r.ompiemel1.tllfY :results. 
In the PCAaImost 60% of the total variance was described by the 'first two prjncjpa:t component,. 
Yt ·seeme4tol:>eas.ociated with .supplyque$tions w.hileY2 seemedtoc:ontrp-.st supply questions with 
demand questions. FA on.theotherha.Ildpe511ppose.$.theexbten~eof underlying factors (we chose 
2irt,the .. caseoC thePMC datli 'because ofFCA tesults) that generate that pattor thevllri~bles' 
variation that it shares with the other v8.l'iables~ InPCA p Qtthogcmalprincipal components are 
neededtocompletelydes(:ribe thevrd;.\nceofthep vaJ'iablesand it is hoped that only thenrst 
few components account for the majority of the vari~ce. The need for p c;ompone,nts and the 
.orthogonality constraint .rneans thattheprinc~pa1 components are not always easy to interpret. 
In.FAg (I[ < p) fa«:torslU't'asstUned ,to .generate the covariance structure of the p variables. As 
.q. is often~Qn5idetablyst1laller tbanpand factors need not be orthogonal the factors maybe 
m~pylted byvarlousrotations to improve their interpretability. In the case. of the PRAC data 
FA 'hll.s sl,lpported the idea suggested by peA that the referee. questions are l'eallymeasuring the 
latent~'Upply~ddem4nd fa.ctol'$8I\d that the success or otherwise of various proposals ISIDore 
simply and infonnatively seen. a~the .interaction between these two factors. In FigureSF2 is 
identified .~. lDemat1CPwhere~ in Figure 3 Y2 is identified with the difference betwe~n$l1pplyand 
.deman.dfactorf. Consequently large. negative "'Pemand' values cortespond to .high Y2 values. 
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4 Standard 'Regression Methods, ,and Extensions 

'Theregres$iontn¢titQds describ~a 'irt.thi~sectiQnintthilly.p.tteIllpt to .modelthePRAC score!,s a 

fu:rt~tion ·of pr.oposal cost, .prQPQsal.sQUt"ce (a. dummy variable: l~CSIROandO=Allothel'$). and 

the 15refetee ,question scores. The ,model is all, e,xal11ple of a.: multiple line«rregres~iQn becal1se 

it 'X'egte.$ses trl.ll11y~zpla.natoryQr pNclic;torvariables. (cost, .sourcellnd referee ,question scores)Qll 

'a~iJlgledependeidva.riable(paAC score) andi$ lin-ear in .itsparamete.rs.Themeaning of this 

lineadtyproperty will ibecome clelli'er when the model is mathematically fotmulatedbelow,. Apart 

from .it$ simplicity,this type of regr~ssion model b adoptetlbecliuse, without, other knowledge it 

I}lClY re~onablyapprQxb:n,ate hoW thePRACuses :thedata. EssentiallY1the 'model .asstimesthat 

the da.ta. 'relating to .r¢reree question. scores. cost or soUtCe are weighted by their import~nce .to the 

coIfiIIlitteeand combined in an additive fashion. 'Rente: :the model pal'ameters are .interpretedas 

a.mea~ure of ·the va;lue :giventoa particular ~pla.natQry variable.. Morec:omplex models could be 

'$\.lgge$ted(Le. 111cludeproduct terms to account for :'interactiottbetween variables) but to justify 

'suchtnodelswould ,reqmreInol'¢ information about the sCQring pro~e$s a.nd would.coIJlplicate the 

w.terpretatioIlofresults. 

4.1 lResults o£RegJ;'ession Methods. 

l30ththestand~d and t~catedmodels fit .. the same linear equatic;m to the data; 

where; 

11=:15 

PRAO;, = Po +2: f3jq&j + f31f,OSi + fh1costi 4- €& 

1=1 

fIlAO.. :, PItAO sCOre ith ;proposai, 

f30 =mtercept pa.r~eterJ 

Pi = patameterassociated with ith referee scoret 

giJ = itbproposaPsith refereets.sc;ore, 

/3115=}?l'OposaI source parameter, 

OSt =ith source dumtnyvariable (CSmO!CS=l, otherwise:CS=O), 

f311 = cost parameter, 

cost;, - cc;J$t orith proposal} 

ei ,... error of model for theith observation. 

(3) 

The values ·th!i.ttheP,1tA.C SCOl,'ecan takeareboWlded (1.e.12 !5 PRAC 5: 48) hence the application 

orOLS .resultslnbla,sed para.meter'estimates·. This bias results in the OL5 .model {)ve.restimating 

Ipw)?RAO ,$Cot'(!!)·.andunder(!stimating high score (see figure 6 J. Atruncatedregl'essionwascarried 

Qut ,on thePRACdataand ,the resultsprf'sented with OLS results. 
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··lNTEaCEPT 
Ql 
Q2 
Q3' 
Q4 
Q5 
Q6 
Q7 
Q8 
Q9 
QI0 
Qll 
Q12 
Q13 
Q14 
'Q15 
os' 
COST 
MSE 
R~ · 

ODS Estimates 
CoefficientT"l'atio (Sig.Lvl) 

68.2 14.3 (.000) 
-.420 .. A 0.5 (.685) 
.691 .697 (.486) 
1.53 1.52 (.t26) 

.. 3.18 -3.17 (.002)*, 
1.48 1.33 '( .18.5) 

,,2.05 .. 1.90 (.057)* 
,.:2.22 .. 2.54:( .OU)* 
,.1:07 -1.10 (.210) 
1.26 2.21 (.023)'* 

-.822 -lAO (.161) 
.. 1.42 .. 1.41 (~140) 
1.12 1.20 (.229) 

-5.49 ,,1;36 (~174) 
·2,78 -2.02 (.043)* 
-.770 .. 1,43 (~150) 
.. 2.84 -.1.93 (.054)* 

.303E-05 .206 (.831) 
1.20 
0.48 

TruncatedE$timates 
Coefficient 'r-ratio (Sig.Lvl) 

96.3 8~99 (.OOO) 
.54E-Ol .030 (.976) 

.149 .442 (.659) 
2.13 1.11 (.266) 

-4.94 .. 2.47 (.013)* 
2.01 .. 979 (' .327) 

4.17 .. 2.05 (.040)* 
,,3.16 "2~69 (.001)* 
-2.71 -1.84 (.065)* 
1.99 2.17 (.030)· 

-1.86 ·1.9.1 (.056)lk 
-2.43 .. '1.53 (.127) 
2.33 1.52 (.129) 

-7.12 -1.01 (.313) 
,,3.20 -1.29 (.196) 
-1.06 ·L32 (*187) 
.. 4.09 -1,79 (.073)* 

.740E-OS .309 (:i58) 
.8.50 
NA 

Thefit·oftbe two.modelsto the data on th~ba.sis .or the rneansquilre. et'tor (rvISE) and, the 
adjusted'a2 werejudgecl tobe .only fair. The 'model accounts forabQuthal£oftheobserved variation 
i.n the sample.. Whetherthis.i!l satisf!lctory depends on the alms ·orthe analysis. If tneaim is to 
eXilmine :therelc.Ltiv¢ .importl\I1C¢ .ofexplan!ltory variables then such .afit isadequfite.liowevel' if 
the aimb to use themode1 CorpredictlQ]]. then the fit iliinadeqt1!lte. thereisto() n,uch unexplained 
variation 'to be confident about. mQdelpredictions. The truncilted modelhasa.larger MSEimplying 
that it accounts for less 'variation than :the OLSmodel (the behaviour of R2 .is more complex with 
itetativeniethodsso it isnotcalcui<lted). 

All :significantcoefficients t barone, had the exp.ectedsign.Qn. the basis of this analysis,}tey 
variables appear to be. Q4, Q6,. Q7and .Q14. Also the dllIPIIlY variable Indicating CSIROproposals 
iSIJlatginally significant. Thb irnpUes;givert the same Score for .questions Ito 15t that proposals 
from CSIRO are favoured Q'terthoseconllng from other research institutions. 

The'wrong' .sign on q9 implies thatpJ:'Qjects which ate 'tegionalspecificf tend to be favoured 
Qverproject~ whose tesults will be generally applicable to the entire Australian wool industry. T.his 
cOUlltermtuitiveresult occurs because there appears to be a negative association between Q9 and 
aJ1theotherVlU'iables whlchaffect thededsion to fund a proposal. In other words, the projects 
which.ax'e l'.egionalspedfic tend to be better defined,relevantand more manageable th(in those 
which might be generally.applicaole across the whole wool industry. 

Actual score$andpl'edictedscores from both OLSand truncated models are plnttedagainst 
:project ratikedbyPRACscore and OLS sc;ore.This 'results in a step like curve for a,.. t ualscores 
and irregular saw tooth curves for the predictions. Note that the truncated model produces a curve 
that is a more exaggerated. version of the OL8 model and that it tracks the actual values more 



Closely-although it ,does this With a greater $preadoC values. 
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Projects tanked by Soore and DLS soore 

rlgu re 6: Compar isonofReg ress 'on predict. i on$andAo\t:u~l Score$ 

At\~te1'Dative method ·ofexamining theeft'ediveness of the OLS ,lllodelist~ tabul~~e th~ 
number Qfwrongpredictions. 

Project GrQuping 
(ByPRACscorel 
If Score <29 

If 29 ~ Score ~ 31 

If Score >38 

TOTAL SAMPLE 

Number ofProposais Number 
in S~mple Incorrect '65-"'-" . < ,~~- '7" , ~ 

64 36 

82 11 

211 54 

P,ercent 
Incorred 

11 

56 

13 

25 

1'hemodel'5 predictions rep oded in the above tablesuggests~hat there still exists a fair amount or 
Ullexplained, variation between the .explc!.natory variables and the PRAC decision. The model does 
PQodyinpredidingthePll.ACdecisiO'(lS fortl1argin~projectsbutperrorI11squite well for projects 
with high ,or lows~ores. Differences ,in.therefere~tsrankiJ1g an,d the committee score ma.y OccUf 
beclJ.useoC one or more of ;the following 'reasons • 

• ' 'l!heP·RAC disagrees with thererereetsre$ponse~toqt1estions 1 to 15 in therefereereport5. 
In~teasingthe 'number' Qf referees per proposal rnay increase thet:orrelation between referee 
$coresandthe fRACdec;ision. 
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eThe¢tJlpid¢al enaly$is' ass.um~sth~ttht!PRAC tte~h allptoposa.lsilldepemhmtly. 

·.The ~ereree'$c:c::munenhat the bottom of the reftn:ee's repods .are rtQtused :Ill JnodelHng the 
!leoraS. 

til Other fac:tQrs co11ld haveinfluentet:! thePR.t\C's decisiOlls asgvidencedby the :indusiono( 
the ·osmo dt.UIl.lllyvariableinthemodel tha.t turned out: to besigllificant. 

SQJlalitativeResponse Models (qR) 

~ alternative :toIllod~lling PItAC scores is tornodel the decision ,to tund,ornotto fund. Thi$ 
,requife~'t.he,crea.tiondrl).6ina.ry ,dependent varia.ble which takes the value I if the proposal is CUIlded 
and 0 li,it lsnot. Such a dependent ~dable is described .asc:ategorical or qualltativebecause, it 
is really a nlunericalcode for 5o,llleattdbuteof th(~ data.rather thil11a mea$urement. Models; 
that use, categorical or qualitative d~pendent 'variables are called qualitative respon$e (Qlt)mode1s 
(see .An\enUya,(1981),(1985)and Madd~a(1983n. The simple binarycategorisatiQno(the PRAC 
decisions .is ~l()t the only oneponibleattd .more.$ophist.i~l!.tedscbeInes Identifying hight middle and 
low scodn ;,.projectscouldbe described. In. addition there .is a brie.fnoteabotit the .relationslUp of 
dilcrim; ;ant analy,is to ;Qa m.odelsbecauseprocedtires fpr doing discrhrunan.tanalysisare more 
coriUnr ayavailable and the tesulb ateea.sier to explain than those of.QRmodels. 

5~1 ·JJinearP.robabilitYModel 

~he lipem- probability IP,odell'epresents a directapplicationofdassicat regression techniques to 
niodellinga QRvariable; . 

(4) 

where q. is theithobservationon .qualitlltive variable. TheassUlnptionsremain. thes~IIle as for 
OLS. 

Althoughth~ linearpl'obability model is a.lgebraically .sinlilat tQtbestandcudregression 'Inodel 
its interptetation is £\lhdamelltallydif£erent. The $tandardII1odeli$ a model Cor the tes.pon$eof Y; 
given a set.otexplanatory \"atiableQbservations 'it .providesanestimate for the expected \value 01' 
level of y~ In the Qlt,modeltheresponse level or Y isnot.atissue (in the,$implestcasei: 0 or 1) what 
i$ .at.issue :18 wldCh level is likely to occur. HenceQltmodel!5arenotmod~lsof the level of response 
otYhutJ:liodels .for the probability ,that Y lseithel'Qor 1 for instance. Thi$ difference is .notall 
\tha:tsurpri~ing when one considersth/'iLtQR models are describing the oc¢urence ofaqualitative 
attrihp,te Qfthedata (s~c<:eS$orfailure,a1ive or dead etc) not acontinllously vCll"yillgquantitatlve 
reSpOllSe. The.QR, dependentvat'ia.bleisno more thana nUJIierlc code for these attributes .. 

TheUIlearprobabilitymodel has problems ill that the dependent variable is not <:onstl'ained 
between Qand 1. Theteisnothingin the model to stop ettremevalues .. oftheexplanatory variables 
produc::iItgpreclicted vaiuesQf the dependent variable greater than 1 or less than zero. 

·5.2 The. I;ogistic Mod.:} 

As notedabo,vethe Ii neat probability moqel is inconsistent in its .assumptlons .and does not nmstrain 
thepropabilitiesitisestiroating ta CaU between 0 and 1. An approach tbat overcomes these 
dHiict1ltiesis the logit model'which isdefinC!d as the .n at ural logarithmic value ·ofthe odds in favour 
oCa positi~etesponse, that is 

Li = In ( ..... 1rj .'.) =Xtt' 1 -1f'j 

16 

(5) 



where 1f, isthecQndltiont\l p.robabiUtyota 'PQsiliverespon5~ for theproposat ,with characteristic 
:x~~nd the.p !ilveetQrOrp~arneters.It foUows·that 

1 
(6) 

In.theca$e:orthelpgi~mod~lthecoeffidents ,reflect the effect of a change in the regressor variable 
on m(1fd( 1 -... 1tt»). The amount of the, increase depends on the odginal probability and thus on the 
initial 'values of ,aU the independent vadables.and their coefficients. 

5.3 R~~ults and ConcluaionsofQRModels 

Linear.P.fohabiUty Model Logistic 1vlodel 
CHI~ 

Variable Coefficient T-Ratio (~~~.!»,!1): Coefficient SQUARE (Sig.~yl) 
"iNTEltOEP '>< " " .. o:ij41 ~ ~3.oY (.0.003) ·9.8.0 2.o~2 (.0 . .0.0.0) 
Q1 0 • .029 OA91 (0.62.4) .034 0 • .01 (.0.932) 
Q2 .. .0.02.0 .. .0.343 (.0.732) -• .078 .0 . .05 (.0.632) 
Q3 .. 0.132 ,,2.284 (.01.024)* ... 889 5 • .02 (.0 • .025)* 
Q4 ,.0.162 2.796 (.0 • .0.06)* 1 . .029 6.9.0 (0 • .0.09)* 
Q5 .. .0,012 .. 1.12 (.0.266) -.37.0 .0.8.0 (.0,312) 
Q6 .o~057 O~919 ;(O~359) .oA99 'L25 (0.264) 
Q7 ,.0.121 ,2.53 (Q.Qt2)~ 0;943 '7.35 (0 • .001)* 
Q8 O • .o·:tl .0.769 (.0.443) 052.0 2~O4 (0.153) 
Q9 MO.051 ·,.1.60 (0.111)* ·~61 3.1.0 (0.018)* 
Q10 0 . .0366 1.09 (0;279) 0.348 2.21 (.o~t38) 
Qlt O~0445 Q~SOl (.00424) .0.311 '.0.1& (.0.386) 
'Q12 ".0.0'(87 .. 1.41 (.0.'142) .. ,668 3,:43 (.0.064)* 
Ql:,l O~29Q 1.25 (0.214) ;1.A68 .0;83 (0.363) 
Q14 O.12() 1\52 (Ch131) O~658' 1.73 (0.188) 
Q15 .0.023 O~738 (O.4ul) :,.0.119 ,.0.43 (O.5Ia) 
OS 0.'159 1.88 (.0 • .062)* O~987 3.52 (.0 • .061)* 
;COST '2.41E.:07 O~292 (t771) 3.2E-.o6 .0 .. 28. (.0.$96) 

Th~ 'Ies:4!tspfthe QLS~stimatesor 'th.e U~ear ;probarbility roodeIand the maximum.likeli!tood 
e$tirnatesoithe lQ,~tIIlQdel :.arepresentedirt the f!,bove table, ~he R:dj :for the linearprobllbility 
model jfJ,O*30~showing that ,~hemodelperform$worsethtm the OLS model. HQweve:rthbbtQ 
be .eltped~~ .~ .. wearetfYing to JU .amultiple linear regression.to~!'blnarY~riable. In. logi~tic 
regres,ionthereare :manY lIl~thQds foratisessiilggoodnes$ of :fit (see .Amemlya, 1981). one that: 
is, supgrficiallyaimil~tQ theOLSli2is.McFadde~?sR2 .:= 1-1/10, where l.is the log'likeUhood 
lUt~rfittillg*her1ll1tnQdelandl()is the lQg likeljhood of fitting only the iutercept tf,nn.Thiscan 
be ~pproxitnatE!1y.calcu1ated .n-om. theQutpu.t.~rtd lsO.27~ 'ltertshet :;,utd .JqhnsQn( 1981) state tba.t 
yaluesbetweenO.~, a.nd O.4.are conliidefed extremely.goodfih'. Thismoddpredietsabout7S% of 
the¢oII1lnitt~t.deeisions. 

J\switb;the OLSrestilhu$ingthe PRAOscoreStn:tostcoeffic:ienb have the e~pectedsign (signs 
'~e opposi~etothoseQr the. regres::;ionmodels 'because,succe$sfulprojects have a higher dependent 
variaQle.vriluethan, :unsqcc:e$sf1J.l projects inQRmodeb ) except on Q3. Q9and Q12. The ;coefflcient 
Q~ Q3su,~ests (ertoneou~ly)thrlt funded projectsdonotnecessarllyhave their Qbj'ectives 'more 
;c1e~ly ,$tatedthantho,se pt~PQ$al$ wrucharenot 'funded. In .. l'csp.ect.to the coeffic:ienton Q9.see 
prevlol1$discussion. ThecQefficient onQ12 implies that proposals which have 4 long adoption 
phase llreprefetl'edby the ~Qmmittee; this!! unlikely. It is possible .. bowever that the significant 
cQ¢fflc:ient on :Q12.~t11astrQt the logitmodel. refiectsthe c:otnmittee's desire to fund good basic 
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re.eatclt whithn~ttlral1Yhl\~~sod~ted wit.h ilIong .adqption.lags .. Insummary the r~$tdtsor .the 
QIt ,JIloQ.elJcQnfitnithee.arUet ,analyses. 

6 Olsc;rim.ittant Analysis CPA) 

,Dis~rimhlantte~hniqt1es ate.U$edtQ c:1assi(v individtla.l$into one Or~\VO or more alter .. 
p,ativegtoup$ (otpopulatiolls) onth~basis of .a.$etQrmea$urem~nts. The populations 
are ltnO.WntQ 'b~distiJ1ct, 'an.de41ch individu,albelong~to oue of them. Thesete(:hnique~ 
(;an~sobe u$edtoidentlCy whlchvarh'blescontribute.tomaking thedassification. 
(Mffand Clark. (19S4) p24) 

There~$on fordiscnssi1l,g DA in this paper is that it is. very closely related to logistic :regression 
both. ~oncep~t1aUyan,datgebra.ically.Furthertnorebyta~ling lh.eptoblern from thevlewp.oint·()f 
di~crbnination 'otclassificatioIllt lspo,siblYeasier'to jntetpretandto explain to non ... statistltians 
thart.D., ,J'e~~uiQn(,)rthe 103 Qfthe'odds. Finally it introduc~sconcephand methods of Bayesio.n 
"tatistical inference whic:hunIil<e the inference d.iscllSI;~d .. so fnl' inthlspaper (descdbed as jrequenti$t 
Or cla$$iC(l1 infel'ence) allows theuseofpriQr'kl\Qwledge Inthe analysisoftheprobl¢Jnwbich lliquite 
',mdependent ofthn.t knowl~dge.g",irted from the s8.Il1.ple. Thec1assicaLappfoa.ch onlyallow!ianalY$is 
on lheb~ht ofasathered f?~ple. ofdata~na does not give ,the ana.lyst a formal way ot U$ingprior 
:kAowl~dg~.which .may ·have!Jome.b~aritl$Q~lthe :re$~t~. 

To.~pli!y the·di.cu~5iot;l.CoI~$.ider two group.$ .or 'population. 9fJ,!1bLetthegroups.be dis .. 
tinguislledbya bin~y ~iableQ. i.e..Q =0, for go· and Q :;:;:: 1 forgi ~The taskth_tOA ;setJ 
.it~etri,t() decide the 'probable, metnbe~$hipor theithi:ndivitiuaJ.l1singmeastJ.rements Qll..aset or 
k ·V&tiables'xl ;::;:·(;u·, ~ .... ; Zik)~Thete~ultsofPA .analysi!l can be used twowaYstfirstly it can be 
'us¢d to,",sess the lrnpQtt~~ct!Qr .the~ia.bl~$ ind.istingW$hingb~tweehthegrQl1pS and secondly 
ltc&n$ive:prooa.blegtoJ1prnembershiptQ .as yetanlll\al1ocat~individua1.Syrnbo1ically we want 
to .computet 

(1) 

i.e. theprobabllity th~tthe individual beloflgs ,to the PQPtllationdl$tributecias ;91. given or on ,the 
basis of the setot mea$utemenh :xl. N otethat in. two group case probability or membership Qr go 
ls-KiO=: 1, -1t:il.The.£oUowlng~.sumptiQnsarema.de. 

~·TheprQb~bUity distribu,tionstQrte~ponding ·tQ $1 and go I1reknownorCall be estimated. 
'Xh~5e allow the conditional pXbbabUities Pr(xUQ = 1) andPr(xUQ ==OJto becomp~ted • 

• There is a prioT profx;bilityforgroupmembershlp~ iPr{Q ::; 1) ;:;;pJartd Pr(Q ~ 0):::: .po. XC 
the$ei!i.'eunknoWlt then they can be both set to O~S so thatbe/ore.111eaSUrement the individua,l 
j$equalIy .likely tob~long t.oeithergrotlP. Alternatively theycaIl. beproportiolts of ,group 
$ize,t()cQmbiJJ.edgrpt.lp~izethu$reftedth¢greater llkelihoodofan,indi vidual heing in the 
larger'gfoup. 

Inordet'to compute1ril (caUedthe Pf'ste1'ior.proba'bility) From the known Of estimCltedcoIlditional 
proQabilities Pr(~HQ ;:: l)anc:l Pr(xHQ :::: 0); Bayt;lI:' Theorem is used. 

1f'. ;:::Pr(.Q ::= 1Ix~),::. ....' :Pr(:c~fQ :=: l)Pr(Q = 1) . 
d .. ' ... Pr(xHQ:= l)Pr(Q = 1}+Pr(xHQ:=: O)P.r(Q =0) 

(8) 

1C'.' - Pr(Q - llx{) _ '. ..Pr(xHQ:::: l)Pl 
i1 -.. . - l. - Pr(?tHQ ::::: 1)1"1 + Pt(xHQ =O)PO 

(9) 

In: AmelJliya(198t p1508}t qaltlodelsartd, DAarecontJ;asted; 
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in ~~onottl~td~ and bi<.1tn~tl'ic. Qltmodel$tthe determinationoix{ . (e.g~inC:Qme()r 
dQsJ;\gel~learlyprecede$ that Qrl'1 (e.g. PUl'chati~or d~ath); therefore it bimportant.to 
;speelfll>Ji('tl' ::::: 11~~)\Vherea5the distdbutionoC ~;may beigtlQred.On the coxttrary, 
in the DA mQdel.~thtstatementy. ;::: 1 (e.g.askll11belougsto am<ll'l) logitalIypreceed~ 
the .determinaUQn.of ~l ($ktUt roea.Su,relllents);tllerefore 1t is more bnpor.tanttC).sp.edfy 
·the .~()nditionalcll$tributiQn of ~l given Yi. 

'l'o'use Equation. 9 it .is .U$ually assumed tht,tt the conrutiQnaldistr.ibutions t\re multiv.Q.rig.t~nQrmal. 
To more clUlly $eehowthisa.ssumptiQnaUQws the 'shnplccalculationbfposteriorprobabiUtiesfrorrt 
u.logistic like~pressiollCQn~ddef, Jet :;::;~i (i.e .. only onee~planatorY vllrlabte measured on each 
individua1sothatthe ~oIldi tiOJlaldistriblltiQns .are unlvatiate.uofJ;u"l); 

(1t) 

Stibstit~tlngthese<Ustributionsinto EquatiQn9 we get an expression that hi shnilar to .Equ~tl()n6: 

1 
1fi ::;: 

1 +.~ ... L(<lt) 
(12) 

whel'e:L(~ l is~alled th~.discriminant.functian aI\d is a fundion of fhi #Oft1t,t1'O~Ildthe logarithm 
Qrth~prlor probabilities. 

6 .. 1 ,Result$QrOA 

One' wayof~sessiIlgthe pel'I'ormanc.eot ·DA .istheerror:mte( ~). Not~ ·prior !probabilitiesestirn.at~s; 
o£th~! ob,erV'eg. proportions ,1U{l.SUc{!l1,ssfuland$\l(ice$sfulptopo$al$' wereO.S877 l1ndO.4123,re­
spe(:tlv~ly~1'he, ertQt 'rat~ i$ the e~pectedproportion()r .Cll.$e,$. rrtis$dassified.bythe PAtla$sincation 
:tUl~t; Thete ,are, ',~ .numbCf,oftnethods fQre$tirrtatillS ·.f!:thernostcoinnlonbeingtheapparent 'etrQr 
ro't(~A)wlllm bsbnply the ratio ·orthenutnberof:rnissdlt!lsific&.tionl (clover totalsl1fl1Pie size 
(Nh ~A =e/N. I~the roUowbtgtwo~way t~b11lation.offlc:tucU observf).tion$ i~g.C:\inst DA das$lfi .. 
:¢~UQn,wesee thatninety,"six.or77% 'of theunsuecessfulpropo$a1s were classified cotr.edly while 
appro~mat..,lr 83 %Qfth~$~cce9sfUlproposal$were c18.$sified torr.edly. 

Predicted Total 
____ .-~"-~~-.c,~ '_';~ ,,~,1,~~~ FP14~;~,,(~t.L~d~e~" (%) 

Act~alY~~~:£'f~~M't " , .. i~'fI~:t1' . ,t~·· '~'Ii~:~l ~74(~5:2j) 
TQ.ta1(~) 111 (52.6) 10.0 (47.4) :211 flOO) 

Tbif giYesanE~Qr(28 + 15)/21.1 :;:;: .204. Un:fortunat..,lythisestin:tate b biased low (te. an 
opthn.istiee$tin:tateof€)" This ,istobee~pected ,since the e!itims.te .0££ has been . derived front 
the .sample used· itogenetatethe classification ru.le. [deat IE shouldbe,estitna.ted 'using data Crom 
$.lt(jtbersampletQ~et .~trueideaQf the.stlcces$ of classification. However lhebias de(:fe(iSes with 
lanlple :si~e1,Utd. hen~e 'for; 1arse ,samples iA. is a :useful estimate Qfl. By 'larget it is meant ,the 
sampleh,»moJ'e cases ,than, .than tentirnes thellutriber ·0£ vat'iable.s (James, 1985) which is tr-ue ·of 
the :PltAO.data.Animportantproblem withPRAC data set is that grC1~ps w.ithinit are qnlikely to 
have .tllti1tiV&riat~nQrrn~distfibtitions.Thi5 isbe~ause many of the variables are Qrdinal or binary 
l'athetthaneo.ntinuQu$.Inadditio,nl1oattemptha$ ,been made to :assess the importance of outliers 
in. the data, the 'pt:eSen~e of whichcC)uld 'effectdisct'iminatiQn by their influ,enceon the$8m.ple 
e.~im$te$Qf,group :mel:fJl.$and vaPC\nces. HoweverthedegreeQ(stlccessfuJ. discdll'llnantion implies 
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tnatfailu.reof th~ 'PRAC gata tom~etfelevantdidxibutionCll 'assumption$does not .tolllpletely 
~OP1PI:olrtis~ the Use .ofDA.mtetmS: Q[ the"$tudy~hll~ thePA l.t$efullyshow$ that theqUantitati)'e 
inrQrmaUOJlPn .PfOPQJa1s doesm.dic.:a.t~ prQPQsal funding sta.tus In80% or the eases. Clearly if 
more us~o.£thb technique wete,tobe.rQl.t.de then more tare would have :to tak~t\b"tat this stage 
Iti$ :su.fticiepttQ show that ,itv~tiortJl$'veU incomparisQIl to other techniquesa.ndis pO$$ible a. 
usefUl way or :modelUngthe p;ltAO decisionmakingpl'OCeSlh 

One· way ·to ;a.pproachsl;lIue of thedi$tributlot\alproblems (>utlined above ls to use a three way 
gtoupingof':proposlllsQn the basis.ofPRAO ,core.s;highlysut"l"ellsf\11 (1. ,PllAC score 12 to 29)1 
m~ginal (2J;PItAC SCOre 30 t(37) .and highly u1Uucc~ssfu1:(3.PJtACs~ote 38 to 48). One would 
¢xpettth~distdb\ltiQll.of d~ta within Ihe$eg.~oups lobe less skewed than in the hinary .ca$e where 
hi$hly '~~t;eessfulQrtll1$uccessrul proposalsmayapp~&fasoutliers. 

PredIcted Total 
"Goodt {%) 'Marginal'(%)$Bad.'(%) 

-A"""'.c-tu-al~. --.....-~)~G...,..QQ ..... d~f":-::'(r-""'"o) ............ -61-(,..-85....;::9-,;.')~· 7{9.9)u3(4;2) 71.(33.1) 

'lv!~ginatt(%)2 (4). 4~ (84) 6(12)50(23.1.) 
',. ~ ~~adi(%) 8(8,9) 8 (a.9) 14 (82,2) ;90(42.7) 

l'otiU (%) 71 (33.1)51 (27) S3 (39)211 (100) 

Thi.$give, .anEAQf(1 +3'+2 + 6+8·+ 8)/211 ~ "Hit. 
In.sin.Ul~ f~h1()n:t.() $tepWi~eregre5Si()n) $t~pwis~(ijscdminant .~nalystscanbe .implemented 

:which :,e1ecbtb,tsub$et6rvariablesth~tt(lntribt1te most tothestlc¢esstuldi$ctiIPinatii':>rt ($¢e 
.Afifiand A$en, 1919 rortnor~detail$). In the caSe of the·PRAOdata We get the foUowingtesulb; 

V,.riabl~ 

'tiT:} 
Q1 
Q4 
os 
Q3 
Q9 

Partial 
R**'2 

0,:2329" 
O.04()2 
0.0239 
Q,:0242' 
0,0235 
0~0163' 

6.2 ,qa mQdelsan.<i :DA ~Qrnpnred 

:p 
Stati$tic;. 
"63~450'" .,' ·o.oooi '" 

8.711. :0.0035 
5;Q10 0.0254 
5.110 ().O~48 
4~938 0.0214 
.3.381Q;0614 

.In the: f<,d.i\\win$ graphthepfobabiUty ·ofsueces$ tltat the QRmodel$ predic:t for each, ;p:rQPosal 
i$ploh;t':d.For.C()ll)pari$QIt, the actual ~PRAC dedsiQnsarea.boplQttedwher~ ;& projec:t that 
'wa.$ .s\l~e$sM .lsSiv~ll II probabUltyof 'sijce$S ofonean<l .a.projectthatw&s unSUcce$sfulisgiven 
:aprobabi1ity()r7;eJ:()~ThetlllC:()I1,strainecl nature pftheLinearl'rQ'bability modells immediately 
ohvlQuswith Jotnep~obabUtieS'great.er lhanQneor less than, zero. 'However act~ptjngthese ptoblert1r; 
withthe:tIlQd~l~d considering thertoi~ynatureor the· data the Lineatl'robability model does.nQt 
fadtto.o ,1)&41y (fee :ayron (1988) [Q.r furthet empirical examples )..Thegrilph clearlydemopsttates 
thesupedori~yof ,PAover the logistic model which Is due to the former's useofpriQ~ information 
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FIgure 7: Gtaphical Compari$on of QR Models and DA 

" SummaryalldCQnclusions 

As,meJ,ltioned in ,the introduction themajQf aim or the study t$ tQexaro,ine theusernade of 
th~ 'quap.titativet :infotn1~tionavailable to 'Pll.AC.Th¢ ansWers to questions,$u¢h as; How (it&t 
aU)!! thi, In(otmatlpnlU~dbythe committee? If it is usedwhiChisthemostinRuential? Can 
unusual ,d.eci~i()nsh(! detectedl0an .the data be usefully summarised wHho·lt$acrificing important 
inIormaUon,Y ,tt,e., Suchai1l'ls arenecessarUy vague and limited to the'structure found in the data 
because W~ ,have little lnfonnationas tohQw,theeommittee members reach decisions. \Veonly 
have the, ,final outcQllleoftheirdellbefatjons alldq~antitative lnformation they may have used for 
each ,proposal. Beanngthi$ .in,. mind the techriiques.used. in-this stttdy will now be assessed, 

:Duetothecornplex: nattlteofthe PRAC datasirI1;ple histograms.and~c~ttergrarnsare of 
little value on theil' own hec~use they do not displ~y the multivariate structure of tnecla.ta. 

'Thes8tnple cortelatiQrimatrixin an .easytol'ead fortnatprovedaneffeetiveway ()fexamining 
the ,struc~ure oftbe data ina.cidjtion itobeing.anirtitial stage ofseveral other methods. The mat.rix 
tevealed high correlations between .theexplaru~tQryv~iables derived from the referee questionnaire 
atidrelatively l()W'co1'l'elations with the PRACscote (dependent variable) and other explanatory 
variable$suchaiCo$tand :the CSIltOdunun,y 'variabte~ These .findings !uggest that models trying 
tc> relate decisions to the explanatot'y variables will·findthe data 'noisy I. They also suggest that 
1m examination ofthe.teferee data may reveal interesting structure. 
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In t)J:der to ,~xaminethe'ref~J:'eedllta. .further 8Ildpo$.sibly summarise it~ tonte,ntPrineip~l 

CQttlponenttJ AlUilyai.· {PC,A) (ind F~ptor- ,An~lyais(FA) Were used. Both tethnique$ xe .. 

~~pte~l~xisUng v~iabl~$ 'il$. new v().t'iabtes ttiUedpdncipal componentsoriac· ;" tha.taeeount :for 

thev~iante Q.nd/;Qvadanee ,$trudtu'e of the datl.l;(E!$p~etively, Both techniques .al e valuable wh~n 

W~ty,(ew :ptineip41 ~f)mponents.()~faetou ·are.reqlllr.ed (dirnensianal reduction) ~ndwhen the$e 

new vl;\d~t.>l~! have in:formallve interpretations in the "Context of the 'study. Both. te(nnlQues when 

a.ppli¢d,to;th~paAC qi;lta !uppor.tedthe idea. thatthevatiatio(l. exhlbitedby the 15vatlables 

d~tived ftQmthererer~ questionnaire bln.rgelyan e~ression ot tWofactofs .. One· fa(:torc;al1ed 

~St,lpplylmea,ure, th~ q~allty or ~vailable sdep,tifice~pertise and tcsoutce.s thata.pr.opos~lmay 

l\a.\T~~d th~ .Qtl,ef Factore",Uep 'Demtmdlme~~\1res.the extent to whb~h thee"PMted results {li 

th~ proposal :m'aybenefit Ql'b¢applied~o the in~lu.att'y" Not only iii tbi$an interes~ing ,nnding ill 

itself hut the two r~ctofspJ:oyjdeaconY(mi~nttQol fotgtaphkally looking a~trends int'he ,PRAC 

de\:is,ions~siawh.ole.!n :parth:war" e~C!.mInCltionor principal componentaJld factor scoreplohtand 

SQ~e of their ~oU'tli'ersf revealed that thePltACt¢nq,edto approve proposals tnor.c ,on-the ba$is 

()ttlt~.$\1.Pl>\Y tfaetor1·than Qf the 'dema.nd· (actor. This'biai;l.)mtlY ariscbecause the conu:nittee 

ro~mben m~y :f~el mQre' confident .. about aS$essing the.5cientific value ()T merit ora ptoPQsal r~th~r 

than. th~ extent to. Whiehitmeeh industry nE:egs. Inor(lertodraw the~ttention ofboththerefetees 

and lhe :P:1tAC tothe$e ;supply~and'dema.nd· .factOX'$ thet'er~J:'ee .quetionpah"e wa.s:redrafted (see 

Appendix 'land II). 
Sofarthetnetho<is used on the PRACdat~ha,ve been expioratOl:t {in this $hldyFA is cQn:ddered 

.~e~lQr3tory teclmlqueJ.that isth~yhaveheenaitJ.1.ed atl'evealil\ "<·the .str.uct.Ute .of thep.resent 

d~ta.$e.t without making anyassum,ptiQtls abpnt ·how thed~ta is generated. or :making adistinttion 

betw¢¢J,l ¢xpl~natorYPfdep,enden:t var.it:l.bl~$.ThE:re$to:r the me tho d$ that wete applie.dto ithe 

llaAC dltta,. involved modelstha.t, invatiou!t WiJ.yae~pUdtly .related eXplt:i.l1atoty variables ·toe. 

dependentY8+iable..FutthetmQtesl1ch models make M$umption$ Aoout how the data values .are 

di$tiibutedtaU()wing the 'a~alyst ttl carry out 1Jtati$ticalt~st~that ,ol>jectivelyasse,$$ thesuita.bility 

of the Ulod.eland ·generallse from thepa.rtictll&l" da.ta ,$¢t ·~<l·thep0'Pulatiott r>f which it is .$eentohe 

'a 'lU'(ll"le .. 'V.hethetltl~h roodeUing really advan~~stheaiUls. o!.thestudy will ;be discussed below. 

The Stan<latd lt~gr~8,.iQnModel whehfitted to the ·PRAC data a,$st.tmesth~trQra given 

set ofexplanatQry v$l'iablevaluesthePR,.AC!;cor~hasa. normal distdbu;tiQU with.& Jn~.a.u.giV'en 

by thew~ighted line$r ~ombinatiQU ·of the expl an atoty variables and .a con'statlt varian~e. :BQtb. 

the weights' (co-.effiebmtsor :model parameters) ,and. th~1{adtJ,n~e are estimated fron\. the $arnple 

as a Whole.. Giventheavaila.bi1ityofanalmQst contillQU$ly valued:response variable su~h ,as the 

PItACticQre. l'egres!don method$ m~yseema 'natu;t~' or popular choice. Although ~het).l(\del did 

di$tinguish b~tweeniJ'lfluentiala.nd llQJ;l-iIlfluential variables theovera11 litoi.the.model to the data 

w~sdj$appointing. This, Unpllt!'s 'that a simple lineat modeldoe:s notac~ount for the majority of the 

()b$el'vedvati~tiQn. 1m! l~lnot $utprisb.1g wh~nQne considersth~t the P RAe .score is the sumo! 

the l2eorrttnittee member$core$. Thesesc:ores .may not be arriveda.tindepeudently of otleanother 

andml,ly.n:ottreatall ,hlput datc!' i:nd~pendently(i.e.themodel does not anow for interl;\ctions 

Jf'tween. 'Variable.). Ptop.o$t).l$ tire no doubt a$sessed :in relation to the need for .research within 

cettalnwell ,qefiIl.ed~re~. R.e$earch areas or types were nat incorpora.tedintothemodel thus 

lea;vil'lS oti.t fBt~tot$that may have .lllay iniluencedthescotes.For all these reasollS the level of the 

PItAC :scQretnaynotbea shnple linear combination of the available expht.n~tory variablf?S thus 

Ib:rtitiug the usettdnes50!the $t~nds.,rd tegression model in this study. 

Qqiteapat.t· fOl1ll·the mc>del specificl1tion ptoblems discussed above is the failu,re of the FMC 

data to n1eet dlstdhutlonalassutnptiona. Possible l~e1t of independence between proposals has 

:ct.lr:eadY been mentlonedb\l.tanotherproblem was the truncated nature of thePRAC data. As 

elCpl(lined this le~d$ to biased model pa.rameter estima.tesas evidenced by the OVf?r and underesti­

mating.orlowand high FRAn. s.cores re$pectively (see Fig 15). A Truncilt~dR~gression .Model 

was 'applied. to thedutatosee if allowance for this property of the PMC scorestnadem:uch differ .. 
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cUte. Ove.raUthere was notagr~at differenc~ between the models however itt the truncated model 
thevati~nce wasgreater.and the ~aI:ametere$timates generally les$significant. 

the Unea.rptobabilityntodel 4nd the lQgitmodel are examples Qf qualitativere$PQnae 
~u';el~> whtr~ .iti$ theprobabiUtYQ( s"Q.t<:ess Qr failu,te of aproposatto gain funding that is modelled. 
The Unea.r pro.babUity model WaS, introdtteedbecauseit is easy to implement and to motlvatethe 
'U.$.eQfthe logitmodel. ItWB.$ found that the logit modelfitt~d the data better than the regression 
models.tms. may beexplaincd byoblJerving that while there may be tonsiderahle variation in the 
adttalPRACscQre levels there is probably less yariation in theactualcommiUee decision to fund 
arnot to fund •. which after aU is the outcome otmost impo.rtance. The logitresldts weregeneraUy 
<:.ons!$tent with the other regression results hutunfot'hUlately are harder to communicate because 
the lQgitmodelgivesthe log of the odds ratio as a linear combination of the explanatory variables 
and r.equire$ Iterative methods for solution. 

Another tedUlique which has asbnilar interpret .. ation but may be easier to communicate is 
DlscJ'bnillant Analysis (DA). lt~tl1t~r than model the probability of success as a funetionof 
e:tplanMory varit\bles, DAd~5sifie$ the obse.nationsintQ groups corresponding to success ot failure 
on the ba.sis oftlle.expianatory variable values. nAproduces a.simple cla.ssification rule fordedding 
which group a proposal belongs to and can simply calctUate a probability of group membership 
under certain distributional assumptions. It is simply generalised to more than t \vo groups and 
allows for prior information about Hkelygroup membership to be incorporated into the model. 
From the point ar viewofcommunicatingtesu1t$ it may be easierta vieW the problemas one 
of tlassifcationrather than one of .regression. In fact thedassificaion paradigm may bemQre 
appropdateto the work of the c:onunittee, that is the taskl$ to assignpropo.sals to a successfu! 
group or 'unsu.ccesstul group (in terms of funding)r.at.her than 'prodUce a formula for the level of 
the PMO score. Seen this way the PRAC store .is a ~means to an end and in ihe1famisleading 
measure of proposal merit. Furthermore DA can provide f,. I.' variable selectionmethodssimila.r to 
stepwise .regression and feature selection methods whh:n are similar to peA (the later methods 
were not inve$tigatedin this study). The computational simplicity of DA rests on the assumption 
Qf'multhllriate normaUtywhich is unlikely to apply to the PRAC data. However the failure of 
this assumption largelyeff'ec:tsthe calculation of the posterior probabiUtyand does notetrect the 
interpretation. of the analysis. In the cas~ ofthePRAC data, of all the teclUliques, DAmost 
successfully discriminated between funded and unfWlded proposals so that grea.ter attention to 
distributional assumptions (transformations. logistic discrimination etc) may .have improved its 
performance. 

What ha.s the study revealt:!daboutthe decisions of the Production Research Ad ... 
visory Committee (PRAC)? 

The quantitative data which is available to the PRAC does allow the prediction of proposal 
success wHh;regardto.fundlng. As this1s unlikely to be purely coinddentallt implies that the PRAC 
do use this data in its deliberations. Secondly the data derived from the Referee questionnaire can 
be seen as. generated by'Supply'and 'Demand' factors that relate to the quality of available research 
resources and the demand for its results. Finally the PRAC is 'biased' against t or less able to assess 
strong 'Demand' proposals compared to strong 'Supply' proposals. 

Overall the study demonstates the importance of using a wide variety of techniques. the impor­
tance of dim.ensional reduction and the usefulness of high quality t atistical graphics. It is envisaged 
that future work will progress along two paths. As new data bf comes available the models devel­
oped in this paper will be used as a forecasting tori to rank projects from 'best l to tworse and help 
identify deeisionsat PRAC .meetings which are inconsistent with referee assessme.nts. Secondly, 
work may also be extended toex:amine the progress of funded proposals This would. involve ex­
amlJ:J.ingpreviQusly funded and 'completed' projects, developing a measure or measures of success 
ofthn proje~h and seehlg what association exists, if any, between referee question scores 1 to 15 
and project outcomes. 
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8 Appendix 'I: Old Referee Questionnaire 

,,' 
. .Bilt.ici 
Prn;es:!urJ! ~ 
(Ci;c,le 
tl.rtb!d 

St.rmgly 
Disagree 

1 

I)i$a~G 
lnGeneral, 

2, 

Nf!it:her .~ 
ncr Disagr1!tt 

4 

St.rtIlgly 
,Agr~ 

5 

1 

1 

1 

1 

}.S~ 

Z 'l ~ oJ 

~ l t, s 

2 l ! ~ 

2 ;, 4 5 

------~~~-----------.------------~--~--------~--------------------:5, n1i!a'ii!thodS ,propos~to~arpl.p.~ethe ,project ant· ~pprcpdate 

6. n;"pI!rs~f andfadlities .~.'adequate for·ttl! proj~t.·' 

7. Pt9jt!Ct costs are 'reucmbl; ,.inrelaticn.tQ' mticipatedbenefits 

8. Successft.ll C:enPleticn ofthe:project. villle~dtos~gn.if.iantlncre~es ~ 
Productivi~y fQr 'WCOlg~rs(.i..e. 'sareprQductic:n/r:educedc:ostsorSflm! 
,c:osts/.in:reased produCticn) 

9. nte' 'p~j~tteS1.dt.s will'j)egenerallyappl.tc:able:tO,the enU;eAU$tralim 
'WOOl .i,n(kLStry(e.g~ .a.llgeogra;iUcal 'ZQles,~ltypes). If SCQt:e .1 or 2 
narUnatethe s,a<:tor/areall.kell' ,to benefitacst 

10. 1):)esthisprojeee" duplicate .. pastor 'present ~rk(Y/N)7 ' 

If yes. :the (JUplic:atiQ'l is 'lor.iL..:anted 

11. Cgmvtic;at iatof 'findlngstogotential users (researchers .aMsor"Jofficp,rs 
or '~lg~~s) will ',~easlly ach.ieved 

12. It will bea short. ,t.iqJe .beforef.indingsfran.the projece'WilJ..be .~.ar~ 
benefitspt:odUeed for wcolg~rs 

1 

1 

·1 

1 

1 

1 

--~~------~~~----------~~-------------------------------13. 'l1le res~a.rCh· ha~4' :probabilityofachl.ev!rtgtheptoJ ec:tobjeetives of .abOut 
(0 ~ Nopossibilit,y 1 .. Certain aehievem:!nt of objec:~~s) 

14. ov;P.AU. PROJECTAAp:N:; (Cllcxlse me)' Aor.Bo~ Cot D 
(A .. Excellent"B '. VeryCoodt en Gcod.D • Fair) 

15. '.~'.~ lWlk this project .i.rt carparisalwith other project!.Y'OJ 
.are referee.ing 
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9 A'ppendbc II: New Referee Questionnaire 

,REFEREE'S REPORT 
RESi:ARCH '11 PEYELQPMENTGROUP 

lin.e 

. StrOpgly 
.Oisagrl!e 

Oisag~ 
In Gel1eral 

2 

PRcueCT ASSESS"ENTC~tmIA 

f.QUlUTYOFJ'~SE1.RC".PRPP9sAL 

1. Reseaieh.o~w~ar, c:leariystal~ 

Nelitler Agree 
nor .O!sagrfie 

:2. Tl'Iorqogh rE!VJCIW I;Ifliiefature and underStanding dtoPIC 1$ mdated: 
3.Thetne~ pi" " ,!SeQ. to ~~pl~th~ p.l'O/ect!re wei{. descnbed anq~proC1late. 
4.Tbe ~~ 'andtaol!~e:sateadl!Quaht lorthe,otPjeet. 
S. PrOject ,tom at.e re~able. 
$. .Ooest/'l,s pro,ect qupilCatepast·Cit present WOtk (yIN)? 

If ~s. 'the. ¢lJpI\cabon IS. wartanted~ 

1J.IS~TSWWQOf..·lNOUsntV 

1. rneaPt:llicaor$.~ei'lt()fthe~erttai :S!{l"ufcanee.of!he .~.IS reallS(lC; 
a 'Thlit. ·PfO!eCf.r~ \ViI/be ge~ralfyappie4tlIeto the tmbrt! AUstraUan "ItOO4 tnat,lstty 

(all gf;Qgraptl)Cal.,~ .WPO/' types);, If ~.' 1 or2 notnlMte me ~ina .~kely 

to~eI1t mOIl, 
~; 'The me!t\¢d$ot teetlflologytran:mtrout!ined Wi~'nst.Ir,·~emcommunQtion tQ 

~.u~ 
lo.,\I'IQlIld yotJ .~ClpaJetnit the findi~s lrom the P:otect wi!jbe~~and be1Mfil$ 

p(Qdueed .1Or woolgrowcn Wlthin(~rdo Dne); 

IJI"AQ!SSMeNT 

Pl'OjectNO; 

Goal No 

flefe~No . 

Aoree 10 

General 

.. 
SlrQngly 
Agree 

5 

.RATING 
(Cfrctea.,umber) 

2 :J 4 5 
2 :3 4 5. 
:2 :3 4 .5 
2 :3 4 S , 2 J " S 

0 
1 .2. )3 4 5. 

2 .3 <4 'S 
a g 4 S 

2 3 4 5' 

10 15 20Yf!ICS 

OVERALl.. PROJE:CTRATlNG;(ci!'de one) faIt good very gOQd<!xcell~ot 

PAOJ~cr~I<JNGrRao~ IbiS Pfojftct ttl companSOtlWltll othtfPfO{edS you.ate refeteei~. _1._. _. 

COI\U.4ENT$: tndic:abl.~ ~. teasons·· tor your ~raJt .pro,ect.ratiogand .• ptoied raokfng. 'TyPed Commeo1S preferred: 
Commetlt$ ~. applicantS Wilt be/forwarded '!Jne9ltedand $bould be appended onaSePataI8 page. 

RAOOHM. 
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