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1 Introduction

Theextentto whichfirmsareableto capturepr appropriatetheprofitscreatedy theirinnova-
tionsis thoughtto be a key determinanbf theamountof ResearclandDevelopment{R&D) they
do. Firmslosetheincentve to innovateif they areunableto capturethe returnson their innova-
tions,andmayperformR&D atalessthansociallyoptimallevel. For thisreasonfor example the
National Institute of Standardsand Technologys (NIST) AdvancedTechnologyProgram(ATP)
investsin suchinnovations,andby cost-sharingesearcho fosternew, innovative technologies,
benefitgsheU.S.economy(NIST 1998).

Uncompensatedr undercompensatadformation flowing from innovatorsto rivals, called
spillovers, are a primary reasonfor the inability of a firm to appropriatethe returnsdueto its
own innovation. Informationspills over from onecompairy to anotherthroughseveral channels,
includingword-of-mouth publicationscommonsuppliersjoint venturescustomersandpatents.
Theprofits capturedoy theinnovatingfirm maybereducedvhena greatemamountof information
spills over from thatfirm to acompetingirm.

Economistgall themechanismthatfirmsuseto protecttheprofitscreatedy theirinnovations
appropriabilitymechanism$§Cohen,1996). The moststudiedappropriabilitymechanismpatents,
areintendedo lessertheeffectsof spilloversby giving the patentingirm monopolyrightsto their
innovation. However, patentsseemo be effective only in a smallnumberof industriegMansfield
1986; Levin, Klovorick, Nelson,and Winter, 1987). Otherappropriabilitymechanismsnclude:
lead time (beingfirst to the market with the nenv productor process),otherlegal mechanisms
suchas designregistrationand copyrights, complementarysalesand service,or manufcturing
facilities, andsecreg. Thesemechanismsre also not expectedto have homogeneousuccess
acrosdndustries.

In this paperwe usetheresultsof the 1994 Carngjie Mellon Surwey of IndustrialR&D in the
U.S. ManufacturingSector(CMS; Cohen,1996)to modeland examinethe effectivenesf six
appropriabilitymechanisnon productandprocessnnovationsin 72 U.S. industries.The surwey
guestionsdescribedurtherin Section2, addresssubjectssuchasinformationflows, time until
competitoramitate innovations,the amountof R&D focusedon productversusprocessnnova-
tions,andthe effectivenesf variousappropriabilitymechanismsR&D unit directorsfrom 1489
unitsrespondedo the surwey, andself-reportedhe industriesthey do work in. Our goalis to de-
terminehow well the variousappropriabilitymechanismsvork in protectingfirms’ profits;andto
determinenow the effectivenesf theseappropriabilitymechanismsariesacrossndustriesand
variesaccordingo thefocusof the R&D unit: productor processnnovations.

In Section3 we develop a mixed effectsgeneralizedinear model (Stiratelli, Laird, andWare
1984)to help characterizehe responseso the CMS surney questionson appropriabilitymech-
anisms. This classof statisticalmodelscontainsitem responseaheory (IRT; vander Lindenand
Hambleton,1996) modelswhich arecommonlyusedin educationatesting. We adapta fixed ef-
fectsgeneralizedinearmodelto modelwithin respondentrossquestiondependencerl his model
is similar to the Partial Credit Model (PCM; Masters1982) from IRT. Our modelallows us to
accommodatboththehierarchicaktructureof the data(respondentsontainedn industries) and



the polytomousatureof theresponses.

Knowledgeof betweerindustrydifferencesn theability to appropriateR&D profitsis impor-
tantto governmentahgenciesuchasthe ATP in decidingwhich companiego helpwith the cost
of innovation. The existenceof industryeffectsin our modelestimationallows the ATP to search
for industriesunableto capturethe profits dueto their innovations,andhelpthemso R&D does
notfall below sociallyoptimallevels. In Section4, usingour statisticaimodel,weinvestigatehree
hypothesesWe investigatewvhetherindustriesdiffer in their ability to appropriateeturnscreated
by innovations.We investigateéhe effectivenesof eachmechanisnmelative to the others.We also
examinewhethemresponsdehaior is afunctionof thefocus,productversugprocessnnovations,
of theR&D.

2 The 1994 Carnegie Méellon Survey of Industrial R&D in the
U.S. Manufacturing Sector

2.1 Overview

Our analysisof appropriabilitymechanismsisedin the manugcturingsectorrelieson a subsebf
guestiondrom The 1994 Carngyie Mellon Surwey of IndustrialR&D in the U.S. Manufacturing
Sector(CMS; Cohen,1996). The CMS builds on anearliersuney of appropriabilityandtechno-
logical opportunityconditionsin the Americanmanufcturingsectorby Levin, etal. (1987),and
containss3 multi-partquestions.

The CMS was sentto 3240R&D unit directorsin the manufcturingsector The sampling
framewasbuilt mostlyfrom the Directoryof AmericanResearcl& Technology Thesamplewas
thenstratifiedinto 74 industry groupssuchas pharmaceuticalssemiconductgrcomputey steel,
or automobileindustries. Eachstratumwas sampledsystematicallywith randomstartingpoints.
Thesamplingproceduraisedsamplingweightsto oversampldrom smallerindustriesandFortune
500 companiesandundersampldérom the larger industries. The samplingweightsrangedfrom
1.0, for industrieswith fewer than31 casesand Fortune500 companiesand0.24for the largest
industry MeasuringandControllingDevices.

Therehasbeena long debateon the relevanceof samplingweightson statisticalmodelingin
suneys suchasthe CMS wheresamplingweightshave beenemployed. Whenlik elihood-based
approacheto inferenceareused thereis evidencesuggestinghat usingthe samplingweightsis
“at bestirrelevant” (Fienbeg, 1989). Our analysisconsistsof likelihood-basednethodsandwe
thereforedid notincorporatehe samplingweightsinto the model.

Suney responsefrom 1489units, or 46% of thosesentout, werereturned.Eachrespondent
was classifiedinto one of 77 industriesaccordingto whatthey identifiedastheir focusindustry
from the CMS.

A followupsunwey of thosethatdid notrespondo theCMSwasalsoconductedAnalysisof the
non-responssuney foundthatmary of thenon-respondentgerein factnotin themanufcturing



sector andshouldnot have beenin the samplingframe. Remaing R&D unitsthatarenotin the
manufcturingsectorfrom the sampleincreasesheresponseateto 54%. Furtheranalysisof the
followup sunwey is ongoing.

Our analysisis basedon four questiondrom the CMS, questionsl, 32, 33, and46. For the
cornvenienceof thereademve list thefour questionsaanddescribehe scoringof theresponses.

Question 1: Pleasdist the main industry or industriesto which your R&D unit’s
actwities apply If youlist morethanone,circle the onethatis the principalfocusof
your R&D effort. We will referto thisindustryasyour focus industry.

If the respondenlisted morethanone,the circled industrywasthe industrythe respondentvas
classifiedin. Questions32 and 33 assesshe effectivenesof six appropriabilitymechanismsn
protectingproductandprocessnnovations.

Questions 32 and 33: Duringthelastthreeyearsfor whatpercenbf yourinnovations
wereeachof the following effective in protectingyour firm’s competitve advantage

for thoseinnovations?
| 0-10% | 10-40%| 41-60%]| 61-90%| 91-100%|
a. Secreg 1 2 3 4 5
b. PatentProtection 1 2 3 4 5
c. OtherLegal Mechanisms 1 2 3 4 5
d. BeingFirstto Market 1 2 3 4 5
e. Complementargales/service 1 2 3 4 5
f. Complementarynanufcturing 1 2 3 4 5

Table1: Appropriability mechanisneffectivenesstem responsechoices. Theitemswereasled
oncefor productinnovations(Question32), andoncefor processnnovations(Question33), pro-
ducingl12 surwey responses.

Thequestionsvereaskedoncefor product innovations (Questior82),andoncefor processinnova-
tions (Questior33). Thepercentagesedto eachscorelevel wereintendedo helprespondentase
thefull five-level Likertscalefor eachmechanismSinceit wasnot clearwhethertherespondents
would interpretthe percentagess intended(percentof innovationsfor which eachmechanism
protectedthe firm’s competitve advantage),as opposedor exampleto a subjectve level of ef-
fectivenesdor thatfirm’s productor processnnovationsgenerally the responseserecodedand
analyzedusingthefive ordinallevels 1, 2, 3, 4, 5, insteadof the percentagesln Section2.2 we
alsoexplorethe extentto whichrespondentdid usethe percentageateyory labelsasintended.

In theremaindeiof the papertheresponsew eachof thesequestionwill bereferredto asthe
effectivenes®f the correspondingppropriabilitymechanisnon productsor processes.
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Figure 1. Histogramof the distribution of responseso question46(b), the percentagef R&D
focusingon new or improvedproducts.

Question 46: Approximatelywhatpercentagef your R&D effort focuseson:

a. New or improvedprocesses %
b. New or improvedproducts %
c. Other(specify) %

The responsdo question46(b) wasusedasa covariateto help explain differencean effec-
tivenesf appropriabilitymechanismsor productsversusprocesses our formal analysesThe
distribution of responseto questiond6(b)appearsn Figurel.

Theresponseto thesefour questionsvereusedfor this analysis.After removing the respon-
dentswholeft any oneof thefour questiondblank,andthosewho comefrom industrieswith fewer
thanthreeobsenationsthereremainl1026responseglassifiednto 72 industries.

2.2 Exploratory Analysis
2.21 Exploration of the percentage category weights

Recallfrom Section2.1thatrespondents/ereaskedin CMS questions32 and33 to respond‘for
what percentof your innovationswere eachof the following effective in protectingyour firm’s

4



o
= H . : :
: s H !
: i H H
o
&1 . s i ioj !
. ' T 4 !
! b 3 ! '
" .
5
—= O
© ©
o
— . . ] L] .
b i P i v i
8 i i ! -1 : I R
S ! s 4 /‘ § s .
>
59
Q
i
i 4 § '
o Py AR S
87 : : ] . 1] . '
R B B : * ,
- . . 3
oJ e H 1 : '
T T T T T T
0 20 40 60 80 100
Percent of Product Innovations Patented
o
O ° . .
— . H .
. . H
H ' :
o |
=3} ] s : H H H
. H T H s
[%2]
5
58
S 1]
2 ', ! o I )
Q ’ ! g .0} : .
[}
>
59
Q
i
i H : '/1/ '
|+ bt :
o | s . v i s
N -
. . . .
. 4 (T . 1
i i
s 3 : ]
o
T T T T T T
0 20 40 60 80 100

Percent of Process Innovations Patented

Figure2: Thecomparisorof percenpf innovationspatentedo thepercenpf innovationsonwhich
patentsvereeffective.



competitve adwvantagefor thoseinnovations?” for eachof the six mechanismspncefor product
innovations,and againfor processnnovations. It turns out that for one of thesemechanisms,
patentsrespondentaerealsoaskedin CMS question36 to write in the “approximatepercent’of
processaandproductinnovationsthefirm appliedpatentfor. Comparinghewordingof questions
32 and33 with thewording of question36 on the CMS questionnairewe seethatif respondents
are(a)calibratingtheirresponset agreewith the percentageangecategorylabelsin Tablel, and
(b) respondingo thesepatenteffectivenesgjuestionsasif they cover all possibleusesof patents,
thentheresponseto questions32 and33 (for whatperceniof procesgresp.product]innovations
werepatenteffective) shouldneverbegreatethanthecorrespondingesponséo questior36 (for
whatpercenf procesgresp.product]innovationswerepatentsappliedfor).

In Figure2 we have plottedfor eachrespondingR&D unit their responseo question36 (per
centappliedfor) onthehorizontalaxisandtheirresponset questior82 (33) (perceneffective)on
theverticalaxis. Thesquareslongthe45°-line representhe percentagetervalsusedn question
32 and 33, within which it is impossibleto tell whetherthe reportedpercenteffective (questions
32and33)is higheror lowerthanthereportedoercentappliedfor (question36). Outsideof these
squaresif respondentarecalibratingtheiranswergo agreewith the percentagetervalsin Table
1, andassuminghequestioncoversall possibleusesof patentswe would expectto seeno points
above the 4% line. Clearly, this expectationfails. Eitherthe respondentarenot calibratingtheir
answergo thegivenpercentagatervals,or they areusingpatentdor purpose®therthanprotect-
ing the competitve adwvantagefor the patentednnovationsandonly considerpatentausedfor this
purposevhenrespondingo the patenteffectivenesgjuestions.

A plausible lessliteral readingof question32 (33) is alongthelines of “for what percentof
theinnovationson which [eg. patentsjwereusedto protectcompetitve advantagewerethey ef-
fective in protectingyour firm’s competitve advantagefor thoseinnovations?”,i.e. effectiveness
conditionalon use,ratherthaneffectivenessasan outcomesubordinateo total use. Theresponse
behaior in Figure 2 would be consistentwith this “conditional” readingof question32 (33).
Compoundinghedifficulty of interpretingthe resultof Figure?2 is the factthat, unlike the other
appropriabilitymechanismspatentsareoften usedfor reason®therthanfor protectingcompeti-
tive advantage—foexample,firms may patentinnovationsto reward or measureR&D personnel
performancegr for usein broadcross-licensingegotiations(i.e. patentswapping).If respondents
tacitly excludedtheseotherusesof patentdbeforeansweringquestion32 (33), they could be cal-
ibratingtheir answergo the percentagentervalslabelingeachresponseateyory in Tablel, and
yet percentagefor question32 (33) couldexceedthoseof question36.

Thus, the resultsof Figure 2 castsomedoubton the assumptiorthat respondentsre both
calibratingtheir response$o the percentagentervals labelingeachresponseateyory aswell as
consideringall usesof patents.However thesetwo sourcesof error cannotbe separatedn this
study andthe previousparagraplyivesseveralreasonshattheseconcerroris atleastasplausible
asthefirst. As a matterof caution,andto simplify the statisticalmodelingproblem,we proceed
in the restof the paperto ignorethe percentagéntenal labelsand modelthe response$o each
guestiorasdiscreteordinalLik ertscaleresponsedn futurework it would beinterestingo further
testand comparethe purely ordinal approachwe take, versusthe partially censoredcontinuous-
response@pproactthatis suggestetby the percentag@nterval catgyory weights.



2.2.2 Graphical Analysis

Graphicaland exploratory analyseseveal apparentheterogeneityn the responsebehaiors in

differentindustries. For examplein Figures3, 4, and5, histogramsof the countsof R&D units
respondingn eachresponseateyoryto eachof theappropriabilitymechanisnguestionhave been
plotted,for eachof the 72 industries Hereboththe numberof respondentdom eachindustryand
theresponsdehaior of therespondents thatindustrycanbe examined.

In Figure3 we noticethatthe numberof respondentfrom eachindustrierangefrom threein
panels?7, 10, 29, 34,40, to 62 in Medical Instrumentgpanel70). Also in thesefigureswe notice
thatsecreg appearso work equallywell for processaandproductinnovations,in contrasto what
we seein patentswhererespondentscorethe effectivenessof patentshigheron productinnova-
tionsthanthey do for processnnovations. The oppositeappeargo be the casefor leadtime, in
Figure5, whereleadtime appearsnuchmoreeffective for processnnovationsthanfor product
innovations. Finally, we canexaminethe varying effectivenessf the mechanismscrossndus-
tries,andwithin industries For examplein theplotsfor the productpatentjuestionsin Figure4,
it appearghat Medical Instrumentcompaniedave a tendeng to scorein highercateoriesthan
the averageindustry If we compareto CommunicationgEquipment(panel60), it appearghata
respondentakenfrom the medicalinstrumentindustryis likely to scorehigherthanarespondent
from thecommunicationsndustry

2.2.3 Factor Analyses

To examinethe within-subjectbetween-questiodependencean exploratoryfactoranalysiswas
doneonthe 12 appropriabilitymechanisnitems. Thefactoranalysisvasdoneusingtwo methods.
Thefirst methodassumethattheitemresponsearecontinuouswith valuesin therange(1,...,5),

while thesecondnethodusesthefactthattheresponseareordinal.

Assumingthe 12 responsefrom the appropriabilityquestionsverecontinuousa factoranal-
ysis (Mardia, Kent, and Bibby, 1979)was doneusingthe Splus(StatisticalSciencelnc., 1993)
functionfactanal . LettingY;; betheitem responseo question; by respondent, 8; bethe
unobserablefactor A; betheloadingmatrix, n be the meanvector ande be the residualeffect
we have:

Yij = N@i+mte ()

6; ~ MVN(0,Y)

The percentof variancein Y explainedby 6 increase®nly from 49%to 52% whenthe num-
ber of factorsincreasegrom threeto four; while increasingfrom two to threefactorsincreases
theamountof varianceexplainedby 11%;seeFigure6. For thisreasonwe will assumehe pres-
enceof threelatentfactors. The varimaxrotatedloadingsappeaiin Table3. Theitalic entriesin
Table3 correspondo loadingswhich aregreaterthan0.4. Notice thatthe samemechanisms$or
processand productinnovationsload highly on the samefactor andthat patentsandotherlegal

7
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mechanism#adhigh onthesamefactor andthatcomplementarandleadtime mechanism#ad
high on thefirst factor This standardactoranalysissuggestshreefactors,onecorrespondingo
complementarynechanismspne correspondindo legal mechanismsanda third corresponding
to secregy.

Cumulative Variance Explained

Il 2 Factors
3 Factors
: 4 Factors
5 Factors
FL FL FL FL F2 F2 F2 F2 F3 F3 F3 F4 F4 F5

Figure6: Cumulatve varianceexplainedby 2, 3, 4, and5 factorfactoranalyseof the 12 appro-
priability mechanisnitems.
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Factorl Factor2 Factor3
SSloadings| 2.7447197 1.9103095 1.2514021
ProportionVar | 0.2287266 0.1591925 0.1042835
Cumulatve Var | 0.2287266 0.3879191 0.4922026

Table2: Varianceexplainedby threefactorfactoranalysisof questions32 and33.

Standardactoranalysisignoresthe discretenatureof the data. Full-informationfactoranal-
ysis (Muraki and Carlson1995)fits a factoranalyticmodelto discreteordinal data. Estimation
of the full-information factor analysismodel was carried out using Muraki’s software package
POLYFACT. Usingthis softwarewe find similar loadingsto thosefound usingthe Splusfunction
factanal . Thevarimaxrotatedoadingsarein Table4, with loadingsgreatetthanO.2italicized.

Thegoalof thesepreliminaryfactoranalyse®f the 12 questionn theeffectivenes®f appro-
priability mechanismsvasto examinethe dependencstructureof the questionsasa guidein our
more detailedmodelingin Section3 belon. Both the continuous-datand discrete/ordinal-data
factoranalysesndicatethat thereare threefairly well-definedgroupsof appropriabilitymech-
anisms:secreg mechanismstegal mechanismsand complementarycapabilitiesandleadtime
mechanisms.

11



QuestionDescription Factorl Factor2 Factor3

32a—Productecreg 0.128 0.047 0.777
32b—-ProducPatents -0.047  0.656 0.079
32c—ProducOtherLegal 0.223  0.608 0.116
32d-ProducteadTime 0.423 0.167 0.264

32e—ProducComplementarpales| 0.704 0.026  0.032
32f-ProducComplementaryianf. | 0.752 0.033 0.072

33a—ProcesSecreg 0.119 0.172 0.690
33b—ProcesPRatents 0.051 0.729 0.077
33c—Proces®therLegal 0.275 0.648 0.073
33d-ProceskeadTime 0.514 0.258 0.225

33e—-Proces€omplementargpales | 0.759 0.142 0.066
33f-Proces€omplementaryanf. | 0.710 0.101 0.103

Table3: Varimaxrotatedoadingsusingthe S-plusfunctionfactanal

Two aspect®f thefactorloadingsin Table3, from the continuous-datéactoranalysisandTa-
ble 4, from thediscrete-datéactoranaylsisdesere speciaimention.First, leadtime mechanisms
(questions32d and 33d) do not load well on ary factorin eitherthree-actormodel. To explore
whetherleadtime mechanismshouldbe considerecn a separatalimension,we reviewed the
four-factormodels. However, the fourth factorin both modelsis essentiallya bipolarfactorcon-
trastingproductand procesgjuestionsunrealtedo leadtime. Re-examiningFigure5, it seems
that the reasonfor the weakleadtime loadingsis that thereis little variability in the responses
to thesetwo surwey items. However, becausef its conceptualelationto othercomplementary
capabilitieswe retainedthelead-timeitemsin our detailedanalysesn Sections3 and4 below.

Second,nearly all of the discrete-datdactor loadingsin Table 4 are smallerin magnitude
than the correspondingcontinuous-datdoadingsin Table 3. Differencesin discrete-datand
continuous-datdactor modelsare not unusual—indeedhe effect of estimatinga continuous-
datafactor model on datathat shouldbe analyzedwith a discrete-datdactor modelis that the
continuous-datanodelusuallycontainsan extra factor(HambletonandRovinelli 1986). Thefact
that,despitegheattenuatedbadings pothmodelsin this caseindicatethreefactorssuggestafairly
strongthree-hctorstructurehatis notparticularlysensitveto whethemwe modeltheobsereddata
ascontinuousor discrete.

Neverthelessthefirst factorseemdesswell-definedin the discrete-datdactormodel. In par
ticular, otherlegal mechanismso protectprocessnnovations(question33c) looks asthoughit
hasa mamginally strongloadingon Factor1 (complementargapabilitiesandleadtimes)aswell
asaclearloadingon Factor2 (patentsandotherlegal mechanisms)With wealer loadingsover-
all in the discrete-datanodel, it is not surprisingthatoneor morefactorswould be morepoorly
defined.Giventhe overall strengthof the three-actormodelwe have identified,andour a-priori
beliefthatlegalmechanismshouldoemorecloselyrelatedto patentgshanto complementargales
andmanugcturingcapabilities we have keptthe legal mechanismsvith patentsan Factor2, and

12



keptcomplementarygapabilitiesandleadtime mechanismsogetherin Factor1, in our detailed
analysedelow.

In Table 5 we summarizethe resultsfrom thesetwo exploratory factor analyses. We also
indicatesomeindexing notationthat will be usefulin developingour generalmodelin the next
section:; indexesthe R&D unit, j indexestheitem, or appropriabilitymechanismandm indexes
thefactor or mechanisngroup.

Question Factorl Factor2 Factor3
32a—ProducBecreg 0.112 0.044 0.678

32b—-ProducPatents -0.048 0.565 0.070
32c—ProducOtherLegal 0.177  0.428 0.109
32d-ProduckLeadTime 0.234 0.100 0.151

32e—ProducComplementarpales | 0.564 0.006  0.042
32f—ProducComplementaryant. | 0.668 0.028 0.066

33a—ProcesSecreg 0.092 0.162 0.534
33b-ProcesPatents 0.049 0.709 0.084
33c—Proces®therLegal 0.290 0.567 0.072
33d-ProceskeadTime 0.314 0.161 0.127

33e-Proces€omplementargales | 0.679 0.116  0.060
33f-Proces€omplementaryanf. | 0.569 0.102 0.071

Table 4: Varimaxrotatedloadingsof the appropriabilitymechanismstems, using POLYFACT
(Maraki, 1997).

3 Hierarchical model for ranking industries

In this sectionwe describethe model, fitting, and hypothesigestingprocedurewne usedfor the
main partof this study Thereaderuninterestedn theoreticaldetailsmay skip to Section4 after
browsingthroughSection3.1.

3.1 Mode Description

R&D units’ responsesn the effectivenes®f the twelve appropriabilitymechanismsareexpected
to be affectedby the industryin which the respondentioesresearchseeFigures3, 4, and5.
Patentdor examplearebelievedto have greatersuccessn chemicalindustries. Also noticeablen
Figures3, 4, and5 is thatresponsesgary accordingo themechanisnof interest. Theresponseare
alsobelievedto beafunctionof theproportionof R&D effort focusedon developingnew products
versusnew processesOnewould not expecta compaly that performsonly limited researchn
processnnovationsto ratethe effectivenessf the mechanismen processes the sameway as
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Complementargapabilities

Secreg Legal &
LeadTime
Product Secreg j=1 Patents ;=2 Comp.Man. j=4
OtherLegal j =3 Comp.Sales/Service j=25
LeadTime j=
Process Secrey ;=7 Patents ;=28 Comp.Man 7=10
OtherLegal 7 =9 Comp.Sales/Service  j =11
LeadTime j=12
MechanismGroup
Qm 2 4 6
Total

Table5: Summaryof factoranalyse®f theappropriabilitymechanisneffectivenesstems.

it would the mechanism®n productinnovations. Theseconsiderationgnotivate our statistical
model.

LetY; ; betheresponsef respondenitothe;2 surwey question = 1,...,N; j =1,...,Q),
andlet z; betheproportionof R&D effort compaly : focuseson productinnovations.Also define
pjr=Pr{Responsé catgory k on j£ question} , k = 1,..., K. Wewill modeltheeffectsof these
variableson the surwey responseby regressinghe log oddsratio of adjacentesponse&atayories
onthesevariables:

0g{ P — 4 5 - 7) — 05— @
Pjk

fork =1,....,. K —1;5 = 1,...,Q, wherep, = 1,...,72 is the focusindustry R&D unit ¢
performsR&D in, andz is theaverageproportionof R&D effort on productinnovationsacrossall
industriesandR&D units. In thedataconsideredere,N=1026,0=12,andK=5.

Becausave have setthe constrainty ;' v, = 0 for all j, «; representshe point at which
arespondentwho satisfiesy,, + 3;(z; — =) > (=, <), hasa greater(equal,lesser)chanceof
respondingin cateyory K versuscateory 1; seeFigure 7. Similarly, a respondensatisfying
Ko, + Bi(zi —T) > (=, <)aj + v, Will have a greater(equal,lesser)chanceof respondingn
catgoryk + 1 versusk.

While bothstandardactoranalysisandfull-informationfactoranalysisdonewith POLYFACT
capturethe within respondenacrossmechanisndependencea)eitherallows usto usethe hierar
chical or clusteredstructureof the dataas we have doneEquation(2). Also, Equation(2) may
not explain enoughof the within respondenacrossmechanisndependencéhroughthe variable
r; —X.

To capturethewithin respondenacrossjuestiondependencstructure andhierarchicaktruc-
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Figure7: An exampleof itemrespons@robabilities(verticalaxis) asthey areaffectedby industry
meanand proportionof R&D effort focusedon productinnovations(horizontalaxis). a + ~; is
thepointatwhichresponsé + 1 becomesnorelikely thenresponsé:. For eachsurwey itemthe
~, sumto zero.
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ture,we now adaptthe modelin Equation(2) to a modelthatis similarto anitem response¢heory
modelusedin educationatesting,known asthe Partial CreditModel (PCM; Masters,1982): We
addarandominterceptf);, for eachrespondenin Equation(2). Usingtheinformationlearnedrom
theearlierfactoranalysesandto simplify analysisthequestionswvill besplitinto threemechanism
groups(secrey, legal,andcomplementargapabilitiesandleadtime), andanalyzedseparately

Ourexpandednodelis:

e For secreg mechanismg§j = 1,7),

01
Iog{%} = bin—a; — vk + Bi(zi — T)
75 2

e Forlegalmechanismg; = 2,3, 8,9),

Pji11(6; @)
log { %} = bi2—a; — vk + Bi(zi — T)
5.k \Yi,

e For complementanandleadtime mechanism¢§; = 4, 5,6, 10,11, 12),

P; k-l—l(ei 3) —
| Js ) — L L A . R
og{ Pj(6i3) s = 05 = + Byl — )

7

Hereo; .,,;is the randomeffect for R&D unit 4, andmechanisngroupm. If K=2,thisis alinear
logistic reparameterizatioaf the RaschModel (vanderLindenandHambleton,1996). To model
industryeffects(respondent is in industryp;) we will allow the meanof thelatentdistributionto
dependon industry (6; m, ~ N(upi,mj,afnj)). Analogousto our discussiorof model2 the R&D
unit satisfyingt; .., + 8;(z: — T) > (=, <)oy hasagreateriequal lesserchanceof respondingn
category K versuscatgyory 1 on mechanisny, andsimilarly for the othercateyory relationships;
seeagainFigure?.

Let usalsodefine

Pjji1(0im,;) }
log{ 22 = Z i (6im.
g { Pj,k (ei,mj) ],k( ’ J)

1=1,2,...,N; j=1,2,...,Q; k=1,..., K — 1 For themodelin Equation(3) we have the
following lik elihood(to simplify notationwe will let ¢ denotethevectorof all modelparameters).

(4)

| Q exp Zy” Z (ezmj))
L(y,¢) Zl_[ljl—ll eXp(Zl ]_Zk 1 ], ( ij))

For the CMS we have N=1026responsefrom R&D unit directorson Q=12 questiondrom
the CMS. Eachunit is classifiedinto oneof 72 industries.Referringbackto Section2.1 we see

thatfor eachquestioneachR&D unit respondgo oneof K=5 categyories.
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3.2 Modd Fitting

To estimateparametersn variousversionsof the modelin Equation(3) we usedtwo different
approaches.

The maginal maximumlik elihood methodimplementedn CONQUEST (Wu, Adams,and
Wilson, 1997)usesan E-M algorithmthattreatsthe 6; ,,,,ascensoreddr missingdata,andallows
relatively fastfits evenfor the full 3-dimensionamodelspecifiedin 3, but the constraints; = 0
is necessaryWe usedCONQUEST to confirmthe factorstructurediscoveredin our exploratory
analysesn Section2.2 andto checkthatcorrelationdbetweery, ;, 0; ., 6; 3 werenotlarge.

It wasdifficult to fit the full latentregressionof innovation effort, estimatingg; asfree pa-
rametersin CONQUEST. Also, certainmodelcomparisonsletailedbelov werenot easyto make
usingthe asymptotidik elihoodratio chi-squaredramevork. Thereforea final modelfitting was
donein a fully Bayesianformulationof the modelin Equation(3), usingMarkov chain Monte
Carlo methodswith the programBUGS (BayesiannferenceUsing Gibbs Sampling;Spiegelhal-
ter, Thomas Best,andGilks, 1996). Separate@ne-dimensionainodelsof the form 3 werefitted
for eachappropriabilityindex 6; 1, 6; 2, 6; s becausdUGS slows considerablywhenthe number
of parametergrows within amodel.

AppendixA containghe CONQUEST andBUGS modelfiles for fitting Equation(3).

3.3 Modd Checks

In orderto checkthevalidity of model(3), we chooseateststatisticl'(y) andcalculatehep-value
for somefixed value of the modelparametekp. If the p-valuefalls belov somepredetermined
thresholdwe determineghe modeldoesnotfit the obsereddatasuficiently well.

For the PCM we have usedhere,two statisticsoften usedare the unweighted,“outfit” and
weighted,‘infit” meansquarestatisticY{Masters,1997)becauséhey focusattentionon diagnosing
misfit of particularitems.We will usethe outfit statisticfor checkingour model.

. . N (yij — Eij)?
Outfitfor Questiory:  Tj(y|¢) = > ~—L—=I ©))
= NWi,

wherey; ; is respondent’s responseo questiory, F; ; is theexpectedvalueof Y; ; conditionalon
the parametevector

¢ = (0171, ceay 0N,17 01,2, faay 0N,2, 9173, caay 0N,3, Apy..., Q’Q,/Bl, Caey BQ: Y11y - - - ,’YQK),
andW, ; is thevarianceof of Y; ; alsoconditionalon ¢.

Theoutfit statisticT; (y|¢) will alsobeconditionalonthenuisancgparametevectorg through
the expectedvalueandthe variance. If we cancalculatethe posteriordistribution of our model
parametewector ¢, thenwe mayfind the posterior predictive p-value (GelmanMeng,andStern
1996): the posteriorpredictve p-valueis the expectedvalueof the classicap-valueover the pos-
terior distribution of the parametevectorgiventhemodel H andthe obsereddatay.
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Mechanism on Products Processes

Secreyg 0.200 0.076
Patents 0.000 0.838
Otherlegal 0.289 0.993
Leadtime 0.000 0.018
Comp.sales 0.371 0.998
Comp.manf. 0.974 0.745

Table6: Posteriompredictie p-valuesfoundusingthe outfit statisticfor eachsurvey question.Full
model3 wasfit separatelyithin eachlatentappropriabilityindex asindicatedby the groupings.
SeealsoTablesl, and5 for additionaldetails.

We canapproximatehe posteriorpredictve p-valuewill be approximatedy comparingthe
obsened valuesof the teststatisticT;(y|¢) to valuesof the teststatisticfor datasimulatedfrom
the modelat all valuesof the MCMC sampleproducedoy BUGS. Letyj, ..., yy bedatasimu-
latedfrom the modelwith correspondingparametersgp,, . . . , ¢y takenfrom the Markov Chain
generatedy BUGS. Thenwe may estimatethe posteriorpredictive p-valuefor the fit of the ;&
itemas

#{s: Ti(ylds) < Tiyilgps); s =1,..., M}
i :

If thisvalueis small(lessthan0.05,say),thenthereis reasorfor concerraboutthefit of ourmodel
to thatparticularquestion.

D

In Figures8 and 9 we have plottedthe simulatedversusobsered valuesof the outfit statistic
for the twelve mechanisnguestionso the modelscanbe visually checled. Plottedpointsbelov
the diagonalline contrikbute to the posteriorpredictve p-value. For numericalexaminationof
the modelwe look to Table 6 wheretherearethe computedp-valuesfound usingthe posterior
predictive procedure.

Examiningthe plots andthe calculatedp-values,the responseso the surey questionscon-
cerningproductpatentsareproblematic.It is not clearwhy the modeldoesnotfit thismechanism
very well. Theothertwo problematicsurey questionsarethetwo concerningeadtime for both
processand productinnovations. The fact thatthe modeldoesnot work well with thesesurney
guestionss nota completesurprise.Examiningagainthe rotatedfactorloadingsin Section2.2.3
producedusing POLYFACT, we find that the lead time mechanismslo not load nearlyas high
asthe otherfour mechanismsn this group,andhenceit is possiblethatleadtime shouldnot be
includedin this mechanisngroup.

3.4 Hypothesis Testing

To testfor industryeffects, mechanisneffects,andthe effect of the amountof R&D focusedon
productversugprocessnnovations we have anestechypothesigestingproblem.Eachof thethree
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effectswill betestedfor eachof the threemechanisngroups(secreg, legal, andcomplementary
capabilitiesandleadtime). Recallfrom Equation(3) that ., ,, is themeanof therandomeffect of
afirm performingprimarily in industryp for mechanisngroupm; «; is themechanisnparameter
for mechanisny, wherethereare(,,, mechanisms groupm; andp; is thelatentslopeparameter
for mechanisny. Ourthreehypothese$or eachmechanisngrouparethen(seeEquation(2) and
Equation(3) for definitionsof parameters):

1. Mechanisneffects:H; : oq = --- = ag,, = 0V. Ay : a; # o for somes # j
2. Producteffort effects:Hy : 8 = --- = Bg,, = 0 V. Az : 3; # 0 for some.
3. Industryeffects:Hz : 3 = -+ = p7o = 0V. Ay 1 p; # p; for somes # j

A commonprocedurefor testingnestedhypothesedik e theseis to uselikelihoodratio tests
(LRT). For the PCM, it hasbeenfoundthatthe LRT follows anasymptoticy? distribution (Wu,
Adams,andWilson 1997). However, we cannotbe surethat our samplesizeis large enoughto
compareour LRT to a x? distribution for our hypothesigests. If we insteaduse estimatesof
the posteriordistributionsgeneratedy BUGS, we canuseBayesfactors(BF; KassandRaftery
1995),a Bayesiamnanalogueof LRT whosedistribution we may estimatedirectly. If we assume,
for eacht, thatthe prior probabilitiesfor models H; and A; are equal,we have a formula for
the BF similar to that of the commonLRT. The differenceis thatwe now integrateL(y;¢) over
the posteriordistribution of the parameterector ¢ insteadof taking the supremunover the null
hypothesispacepr the supremunover unionof the null hypothesisandalternatve.

UsingtheMarkov chainsimulationdrom BUGS,we approximaté’r{data| A;} andPr{data|H,}
with the harmonicmean(KassandRaftery 1995)of thelikelihoodfor modelsA; and H;. To test
thehypothesesve thencompareour estimatedBF to theguidelinedor evidenceagainsimodel H;
describedby KassandRaftery(1995). Theresultsof thesetestswill be describedn Sectionst.1
and4.2below.

BF 2In{BF} Evidenceagainsthe null hypothesis
1-3 0-2 Not worth morethana baremention
3-20 2-6 Positve

20-150 6-10 Strong

>150 >10 Very Strong

Table7: Cutoffs for interpretingBayesFactors(KassandRaftery 1995).
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4 Results

4.1 Comparing the effectiveness of the mechanisms

Recallfrom Section3.1thatthequestiorparametery; is thethresholdor therandomeffect; ,,,;,
above which respondent is morelikely to answerin the highestcategory thanthey arein the
lowestcateayory. It canalsobeinterpretedasthe averageof the randomeffect thresholdsat which
scoringin category k is morelikely thanscoringin £ — 1. Thusea; is a measureof mechanism
ineffectivenessthe highera;, thelesslikely a R&D unit will respondn ahigh cateyory onitem

VE

Using the BayesFactorprocedurediscussedn 3.4 we testfor the presencef differencesn
the effectivenesf the mechanismsThe null hypothesis H;, is thatthe twelve appropriability
mechanismsre equally ineffective. We testthis hypothesisagainstthe alternatve that at least
oneof the mechanismss eithermoreor lesseffective. Thesehypothesesveretestedseparately
within eachmechanisngroup. Questionconcerninghe effectivenessf legal mechanismsand
complementary/leatime mechanismsxhibit strongevidencethatthereexistsdifferencesn these
mechanism$2In{BF}=516(legal), 484 (comp./leadime)). Howeverthereis only slightevidence
of thisin secreg mechanism¢§2In{BF}=3.8).

Table 8 summarizeghe posteriormediansand 95% equal-tailedntervals for mechanismin-
effectiveness.It appearghat R&D units usesecreg asan appropriabilitymechanisnmore ef-
fectively thanthe othertwo groups(legal, complementaryandleadtime), andlegal mechanisms
are the leasteffective. It is also notevorthy that the effectivenessof secreg on productinno-
vationsdoesnot greatly differ from the effectivenessof secreg on processnnovations. This
was highlightedabove using Bayesfactorswherewe found only slight evidenceof differences,
2In{BF}=3.8,in the effectivenesf secreg on productv. processnnovations. Thefactthatthe
secreg estimatesrecloseto zeroindicatesthatan averagerespondenfrom an averageindustry
is equallylikely to respondn the highestor the lowesteffectivenesateyory; for the othertwo
mechanisngroupsthe averageR&D unit is morelikely to scorein the lowestresponseataory
thanit is to scorein the highestresponseateyory. In all casedut leadtime, theseappropriabil-
ity mechanismsppearto be more effective with productinnovationsthanthey arewith process
innovations. This resultmay have arisenbecausdghe majority of innovationsdoneare product
innovations.

Thepointestimatesn Table8 canalsobeusedto rankthesix differentmechanismsentheiref-
fectivenesgo captureprofitscreatedy innovative efforts: secreg is consideredby theresponding
R&D unitsto be the mosteffective of the appropriabilitymechanismsfollowed by complemen-
tary manufcturing,leadtime, complementargales,andpatentsandotherlegal mechanismsare
foundto betheleasteffective.

To graphicallyunderstandhe estimatesn Table8, aswell astheitem-stepparametersy;; in
Equation(2) and(3) (numericalsummarieshot given), we turn to Figures10, 11, and12 which
displayindustry meansand cateyory thresholdgor eachof the threemechanisngroupsrespec-
tively. By fixing a valueon the vertical axis we may examineboththeineffectivenesgparameters
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Mechanism | Product | Process |

Secrey -0.05 0.01
(-.21,.09) | (-.14,.15)
Patents 1.01 1.68
(.86,1.16) | (1.52,1.86)
OtherLegal 1.87 2.29
(1.65,2.06)| (2.06,2.51)
BeingFirst 0.21 0.30
to the Market (.01,.44) | (.10,.66)
Complementary 0.56 0.76
Sales/Service (.22,.73) | (.57,.98)
Complementary 0.18 0.01
Manufacturing || (-.01,.36) | (-.20,.21)

Table8: Posteriomedianf mechanisnineffectivenessneasuresy; (95%edqual-tailedntervals
in parentheses).

andtheitem-stepparameteratafixedlevel of productinnovationeffort. Thelinesin thegraphare
thethresholdsatwhichit becomesnostlik ely to scoreabove the catggoryindicated.All thepoints
discusseaarlierin this sectionarealsonoticeablan theseplots. In particularthereis anoticeable
shift of thethresholdsn thelegal mechanismandicatingthis mechanisngroupis consideredhe
leasteffective by therespondents.

Figuresl0,11,and12alsohelpusto understandhow thesurwey respondentsf thesuney are
usingthefive cateyories. In particularit appearghatthe differencebetweenhresholdthreeand
thresholdtwo is considerablysmallerthanthe differencesetweenhe otheradjacenthresholds.
Thisindicateghatrespondentarenot usingcategory two asmuchasthe othercateories.

4.2 Theeffect of the proportion of R& D focused on product innovations

Themodelin Equation(3) alsoallows usto examinethe effect of the proportionof R&D focused
on productinnovationson R&D units’ responsédehaior throughtheterm 3;(x; — 7). All other
things beingequal,a positive value of 5; meansthat mechanisny is consideredo be more ef-

fective by R&D unitsfocusinganabove averageproportionof R&D on productinnovations,and
the mechanisnis consideredesseffective by firms focusinglessthanaverageof innovationson

products.

Again usingthe BayesFactorproceduraliscussedn 3.4 we testfor the presencef this effect
in ourdata.Wetestthenull hypothesisHs, thatresponséehaior is notaffectedby theproportion
of R&D onefocusen productinnovationsversushealternatve, A, thattheresponséehaior is
affectedby this. Recallthatthe threemechanisngroupsarebeingfit separatelyandwe therefore
testfor this effect separatelyor eachof thethreegroups.In all threemechanisngroupsthe point
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Mechanism | Product | Process |

Secrey -.04 -1.21
(-.64,.46) | (-1.75,-.62)
Patents 0.08 -1.38
(-.44,.57) | (-1.88,-.86)
OtherLegal 0.05 -0.66
(-.40,.71) | (-1.21,-.08)
BeingFirst 0.32 -0.53
to the Market (-.12,.66) | (-.90,-.17)
Complementary,  0.05 -.43
Sales/Service || (-.35,.52)| (-.81,.06)
Complementary, -0.47 -0.77
Manufacturing || (-.84,-.01)| (-1.20,-.40)

Table9: Posteriomedianof the effect of focuson productinnovationsversusprocessnnovations,
B (95%equal-tailedntervalsin parentheses).

estimatedor 2In{BF} indicatevery strongevidenceagainsthe hypothesighatthereis no effect
of R&D focus: 2In{BF}= 21 (secreg), 91 (legal mechanisms)97 (complementary/leatime).
However if we calculateestimate95% intervals for theseMonte Carlo estimatesof the Bayes
Factorswe have little evidencethat 2In{BF} is above zero: [-93,96] secrey, [13,159]legal, [-
13,111](complementary/leatime). Thesehighly volatile estimatesredueto theinstability of the
harmonicmeanusedin approximatiorof theBayesfactor(thisis adravbackof thecomputational
method not necessarilya weaknes# the signalprovidedby thedata).

Thevolatility of the Monte Carloestimate®f the Bayesfactorsalsooccursin the calculation
of Bayesfactorsfor testingmechanisnineffectivenes$ut doesnotaffectour conclusiondor legal
andcomplementary/leatime mechanisméecausave have suchstrongevidenceagainsthe null
hypothesis.

Table9 summarizeshe posteriormedianand 95% equal-tailedntervals for j;, the effect of
R&D focusfor eachof the twelve surney mechanisnguestions.The proportionof R&D focused
on productinnovationsdoesnot appearto have ary effect on how R&D units arerespondingo
guestiongoncerningoroductinnovations with the exceptionof the negative effect this proportion
hason the effectivenesof complementarynanugcturing.

Thisis in contrasto thesurey questionsoncerningorocessnnovations.For processnnova-
tions,respondentseportinganabove averageproportionof R&D focusedon productinnovations
scorethe mechanismgesseffective. Thisis truefor all processnechanismsvith the exceptionof
the effectivenesf leadtime whichis not affectedby the proportion.

To understandhe differencesof the effect of focuson productinnovationswe againturn to
Figuresl0,11,and12. Now we will fix a pointonthehorizontalaxisandexaminewhathappens
asthe proportionof R&D focusedon productinnovationsvary. For example,if we examinethe

26



effectonresponseto the effectivenesf secreg on processnnovationswe find a large effect. If

we examinea firm with an averageappropriabilityrandomeffect (¢; ,,;=0), we seethatthis firm

may be mostlikely to respondabove the third cateory if it performs20% to 30% more of its

innovationson processethanthe average However, if anindividual with the samerandomeffect
performsan averageproportionof R&D on processnnovations,the firm will mostlikely score
above thesecondcateory, notthethird.

If we contrasthe plotsfor processnnovationsto thosefor productinnovationswe seethatthe
contourlinesfor processnnovationsare steeper Also notingthatin mostcaseghatthe contour
line for productinnovationmechanismarenearlyvertical. Thisis consistenwith ourobsenations
in Table9 thatthereis little or no effect of theamountof R&D focusedon productinnovationson
thereportedeffectivenesf the mechanismsn productinnovations.

4.3 Theeffect of industriesand ranking theindustries

Let usturn now to the effect of thefocusindustrytherespondingR&D unit performsits research
anddevelopmentin. To testfor the existenceof this effect we usethe estimatedBayesfactors
discussedn 3.4. We testthe null hypothesis H3, thatthereis no differenceacrossndustriesin
the ability to appropriateprofits createdoy R&D to the alternatve A3, thatat leastoneindustry
responditherin higheror lower categorieson the appropriabilitymechanismsurwey questions
with respecto the others. Again, the threemechanisngroupsare analyzedseparately We find
thatthe estimatedBayesfactorsfor all threemechanisngroupsindicatesignificantdifferencesn
the ability of industriesto appropriateusingthesemechanismg2In{BF}=125for secreg, 70 for
legal mechanisms30 for complementary/leatime mechanisms)However, similarly to whatwe
encounteredvhentestingfor the effect of differencesn R&D focus,we find our Monte Carlo
estimate®f the BayesFactorsto be highly volatile, with thefollowing intervalsfor secrey, legal,
comp./leadiime respectrely: [25,111],[-22,161],and[-30,70]. This suggestswve canonly be
confidenthatindustriesdiffer in their useof secreg to capturereturnscreatedy theirinnovations
(again,our uncertaintyhereis dueto weaknes®f the computationamethod not necessarilyack
of signalin thedata).

Finally, we rank the industriesaccordingto their ability to usethe threemechanisngroups.
In doing so we will be ableto find industriesin which thereis an increasedchanceof market
failure,becaus®&D unitsfocusinginnovationsin low-rankingindustriesmayfind it unprofitable
to performR&D, increasinghechance®f suchmarketfailures.We definetherankr, of industry
p onmechanisngroupm by:

72
Tgm) = Z I{Np,mZﬂi,m} (6)
=1

wherey, ,, is thelatentmeanof industry p’s appropriabilityin mechanisngroupm, Iy, ..>u: .}
= 1if ppm > pim and0 else. The posteriordistributionsof the industryrankingsof the 15 “top
industries”’asdefinedin Cohenl1996 (seeTable 10) aresummarizedn Figure 13. Theindustry
abbreviation is placedat the distribution median,andthe line for eachindustry extendsfrom the
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Abbreviation Industry

MisCh Miscellaneouhemicals

PnS PlasticaandSynthetics

RX Pharmaceuticals

SemiC Semi-Conductors

Med Medicallnstruments

Ofc Office EquipmentandComputers
Veh Motor VehiclesandSupplies
OrgCh OrganicChemicals

Photo Photography¥quipmentandSupplies
SpMch SpecialMachinery

Comm Communications

Meas MeasuringDevices

EC ElectronicComponents

Const ConstructiorEquipment

AgCh Agricultural Chemicals

Table10: Top 15R&D industries.

2.5%quantileto the 97.5%quantile. The numberof respondindR&D unitsin eachin industryis
listedto theleft of thatindustrys “rankinginterval”

Examiningthe threeplots in Figure 13 we seethat the datado not suggesta greatdeal of
separatiorbetweerthe industries.We canhowever comparethe industriesto medianrank of all
industries 36.5. Doing this we noticethatfor secreg mechanism®lasticsandSynthetic{PnS),
and PharmaceuticalRx) companiedall above the medianrank, and MiscellaneousChemicals
(MisCh) 95%intenal lies entirely above the 75% quantileof rank. This shavs thatcompaniesn
theseindustriesrank betterthanat leasthalf of the otherindustriesin the ability to capturetheir
profitscreatedy innovationusingthe secreg mechanismsSimilarly we find thatOffice Supplies
and ComputerqOfc), and SpecialMachinery(SpMch)uselegal mechanismeffectively; Motor
Vehicle (Veh) companiesisecomplementargapabilitiesto their advantage;and Medical Instru-
ment(Med) companiesisebothlegal mechanismandcomplementargapabilitieseffectively.

5 Conclusions

We have developeda statisticalmodel similar to the Partial Credit Model popularizedn educa-
tional testingto modelthe responsesf individual firms to questiondrom the Carngie Mellon
Sunwy of IndustrialResearclandDevelopmentin the ManufacturingSectoron the effectiveness
of six differentmechanismsisedto protectthe profits createdoy their innovations. We modeled
responseto thesesuney questionsising(a) theindustrythattherespondindR&D unitis primar
ily interestedn performingR&D in, (b) the effectivenesf the mechanism$eingquestioned,
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and(c) theproportionof innovationsthattherespondindirm hasfocusedon productinnovations.
In additionto variationcharacterizedby thesecovariateswe incorporateca randomeffectin the
modelto characterizéhe within-unit across-mechanismesponselependences.

With this model,we examineddifferencesn theability of thesix mechanismso aidin captur
ing profitscreatedoy anR&D unit’s innovations;differencesn how theamountof R&D focused
on productinnovationsaffectsresponsesanddifferencesn responseacrosdocusindustries.

Using Markov chain Monte Carlo estimatesof the Bayesfactorsto testfor theseeffectswe
found strongevidencefor all effectsdiscussedvith the possibleexceptionof differencesn the
effectivenesf secreg for productversugprocessnnovations. Theseestimatesarehoweververy
unstableasindicatedby very wide Monte Carlo 95% intervals. By examiningtheseintervalswe
only find strongevidencefor the existenceof industryeffectsin secreg mechanismgjifferences
in the effectivenessf the legal mechanismsand complementary/leatime mechanismsandfor
aneffectof thefocusof afirms R&D ontheeffectivenesof legalmechanisms.

We exploredtheseeffectsin moredetailby examiningthe posteriordistributionsof the model
parameterandby examiningtheseestimategraphically Differencef the effectivenesf each
mechanismand the effect of innovation focus were examinedusing graphssimilar to thresh-
old plotsusedin educationatesting. Industryeffectswere morecloselyexaminedby looking at
graphicalsummarieof the posteriordistributionsof the threeappropriabilityrankingsof the 15
top R&D industries.The industriesMiscellaneousChemicals Plasticsand Syntheticsand Phar
maceuticalare all ranked above the medianin their ability to usesecreyg effectively. Medical,
OfficeandComputersSpecialMachineryandPharmaceuticareindustriesankedabove theme-
dianin their ability to uselegalmechanismsMedical,andMotor Vehicleswerefoundrankabove
themedianin their ability to usecomplimentaryandleadtime mechanisms.

From our analysisit appearghatif governmentalagenciesareto aid R&D units, that they
musttake into accountmultiple factors. Our analysishasshavn that thereexist at leastthree
factorscorrelatedo anR&D unitsresponsesthe mechanismthe proportionof R&D focusedon
productinnovationsandthe R&D unit’s primaryindustry Theability to understandhown responses
differ accordingto theindustrytherespondentocusinnovationsin, whetherthe questionis about
processor productinnovations,andhow theresponsesdiffer accordingto the focuson productv.
processnnovationsmayallow governmentahgenciesuchasthe ATP to decidewhich companies
or industriesarein needof morehelp.
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A Fittingin CONQUEST

To fit thesimplifiedmodel

log { P; 11(0)

in CONQUESTwe have createdhefollowing commandile rnd.cmd .

datafile rnd.dat;

set update=yes,warnings=no;

format indust 2-4 response 11-34 (a2);

model item+indust+item*step;

score (1,2,3,4,5) (0,1,2,3,4) () () litems(1,7);
score (1,2,3,4,5) () (0,1,2,3,4) ( ) litems(2,3,8,9);
score (1,2,3,4,5) () () (1234 litems(4,5,6,10,11,12);
import init_par << par.init;

import  init_cov << cov.init;

export par >> par.exp;

export cov >> cov.exp;

estimate  !converge=.0001;

show >> rnd.shw;

quit;

Responsefom R&D unitsto the CMS arecodedfrom oneto five, howeverwe wish to model
thesein CONQUEST asthoughthey werefrom zeroto four. Using Conquesit is possibleto
separatehe questiongnto threedifferentgroupsandfit responses$o a three-dimensiondhatent
vector Thisis achieved by the threescorestatementsWe thenrun this usingthe commandine
interfacesyntaxsubmit  rnd.cmd;

B Fittingin BUGS

Recallthatwe wereunableto fit the entirethree-dimensionahodelusingbugs. For this reason
we modeleachsetof responseseparatelysingbugs.Herewe demonstrat@ow to modelthefour
legal mechanisnguestions.

model LEGAL,

const N=1026, #define the constant for number of responses
Q=4, #define the number of questions for this group
K=5, #define the number of categories for the quests
1=72; #define the number of industries
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var

mull], #means for each industry
tau, #precision
gamma[Q,K-2], #item*step parameters
alpha[Q)], #item effect
Z[N,Q,K], #working array
theta[N], #latent  variables
PIN,Q,K], #probabilities
beta[Q)], #slope parameter
X[N], #proportion of effort on products
Y[N,Q], #responses to survey questions
rho[N], #industry numbers for each respondent
d[N,Q]; #working array
data y in "pat.resp", #responses in datafile pat.resp
rho in "ind.data", #industry numbers in ind.data
X in "prd.data"; #proportions of patent R&D on products
#in prd.data
inits in  "pat.in®; #initial values in pat.in

HHAHHHHBHAHH AR AT HHHHY
#  Specifying the Likelihood #
TR AT TR

for(i in  1:N){
theta[i]"dnorm(mul[rholi]],t au);
for(j in  1:Q){
y[i,jl"dcat(p[i,j.]);
Z[i,j,1]<-1;
p[i.j,1]<-1/sum(z[i,j.]);
d[i,j]<-theta[i]-alphalj]+beta O [il;
for(k in 2:4){
log(z[i,j,k])<-(k-1)*d[i.j]- sum(gammdj,1: (k-1 )]);
pli.j.Kl<-z[i,j,Kl/'sum(z[i j )k
}
log(z[i,j,K])<-(K-1)*d[i,j;
p[i.j,K]<-z[i,j,K}/sum(z[i,,] )i
}

}
HHHHHAHIHH AR H AR AR

# Specifying Priors #
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HHHHHHAHHIHH AR AR

for(j in  1:Q){
for(k in 1:(K-2)){
gammalj,k]"dnorm(0,.5);
}
}
for(j in  1:Q){
alpha[j]"dnorm(0,.5);
}
for(i in  1:(I-1)){
mufi] = dnorm(0,.5);
}
mufl]<-  -sum(mu[1:(I-1)]);
for(i in  1:Q){
beta[i]"dnorm(0,.5);
}
tau ~ dgamma(l.45,.45);

}

The datain the file pat.resp, ind.data,
likelihooddescribedbelav the Specifying

HiHHE

#industry

N(0, 2) priors (BUGS syntaxis dnorm(mean,precision)

variable,N(y,,, 1/7), andthelatentprecision I'(1.45, .45).
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and prd.data
Likelihood

means constrained

to zero

are modeledaccordingto the

header All parametersregiven
), with the exceptionof the latent
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