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Abstract

This article presentsa formalizationof knowledgebasedon a connec-
tionist modelof a firm’s structure. Transactioncostsarenot ignored,but
integratedwith the knowledge-basedapproach. A numericalexampleon
thecanonicalcomparisonof ”Japanese”versus”American” organizational
structuresillustratesthepower of themodel.
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1 Intr oduction

Accordingto commonwisdom,argumentsbasedon transactioncostscanbeex-

tendedfrom generaljustificationof the existenceof firms [7] to justificationof

particularfirm structures[32]. According to Williamson’s account,transaction

costsarisewithin firms becauseindividual actorsareboundedlyrational. Thus,

processinginformationiscostly, andstructuremustbesuchthatit minimizesthese�
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costs.In particular, Williamsonclaimedthat thepassagefrom multifunctionalto

multidivisionalstructureof many largecompaniesduringthefirst half of theXX

century[6] wasdueto lower transactioncostsof the multidivisional form with

respectto themultifunctionalform.

More recently, Radnerand Van Zandt developedthe transactioncostsap-

proachin greaterdetail,resortingto techniquesborrowedfrom computerscience

[22, 21, 29]. Firms are modelledas hierarchiesof information processorsthat

performassociative operations,e.g. summation. Eachprocessoris performing

operationsin aserialfashion,whereasprocessorsat thesamelevel aredoingtheir

work in parallel. For any givenamountof datato be processed,increasing(de-

creasing)the amountof parallelprocessingleadsto longer (shorter)processing

time anda larger(smaller)numberof processors.In otherwords,themore”flat”

a structure,the shorterthe processingtime and the more the managers;on the

contrary, the more”vertical” a structure,the longerthe processingtime andthe

lessthemanagers.If both thenumberof managersandtime to make a decision

arecostly, anefficient frontierof optimalstructurescanbefound.

Thus,transactioncostsspecifya setof feasiblestructuresandidentify a fron-

tier of optimalstructures.However, they do notsuffice to singleout oneof them.

Notsurprisingly, realityismuchmorecomplicatedthanRadnerandVanZandt’s

model. We observe very differentstructureswithin the sameindustry, differing

from oneanotherin many morerespectsthan”flatness”or ”verticality”. Appar-

ently, structuralvariety is not evenlimited to theoptimality frontier, but extends

to thewholesetof economicallyfeasiblestructures.
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It seemssensibleto guessthat unpredictabilityand turbulenceof real envi-

ronmentstendto enlargethescopefor structuralvariety. History andexperience

arelikely to leadto firm-specificstructuresthatmustlie within thefeasibility set

specifiedby transactioncosts,but thatmaybefar from its optimality frontier.

Furthermore,decision-makersoccasionallymakeerrors.In orderto minimize

the probability that individual errorspropagateto the whole firm, it is sensible

to duplicatedecision-makingat leastto someextent [24, 25, 26]. However, if

severalmanagersmustbe assignedto the sametask,a firm is surelyaway from

thefrontier of optimalstructures.

Finally, employeesandtheir capabilitieschangewith time,aswell asthetur-

bulenceof theenvironmentthatthey face.Thus,thefrontierof optimalstructures

is likely to changeaswell. Consequently, it might evenberationalfor a firm to

staybelow theoptimality frontier: in this way, a firm canbeconfidentthat it will

neverexit thechangingborderof thesetof feasiblestructures.

Clearly, thescopefor structuralvarietyon thewholesetof feasiblestructures

is evenlargerthanalongits frontierof optimalstructures.Thus,otherforcesmust

operatethechoiceof a particularstructure,besidestransactioncosts.

RichardsonandLoasbyfirst pointedto firm-specificknowledge andcompe-

tenciesasdeterminantsof structuralandbehavioral diversity of firms [23, 18].

More recently, NelsonandWinter embeddedtheir insightsinto an evolutionary

framework thatidentifiestheroutinesemployedby afirm asthe”genes”whereby

its knowledgeis reproduced,innovatedandtransmitted[20]. Finally, Hammond

interpretedtheshift from multifunctionalto multidivisionalstructurein termsof
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aggregatingandchannelinginformationaccordingto criteriathatproducesuitable

knowledge[11].

Unfortunately, the knowledge-basedapproachlacks formalization. Further-

more, it is isolatedfrom the transactioncosts-basedapproach.This article at-

temptsto overcomeboth shortcomings,presentinga model inspiredto connec-

tionist theoriesof knowledgeformationin distributedintelligencesystems.

Therestof thepaperis organizedasfollows. Section2 introducesbasiccon-

ceptsregardinginformation,knowledgeandroutineswithin the framework of a

connectionistmodelderived from classifiersystems.Section3 presentstwo in-

dicatorsof the performanceof a firm as information processor. Section4 ap-

pliestheseindicatorsto theanalysisof a canonicaltopic of organizationscience,

namelythecoparisonof ”American” vs. ”Japanese”organizationparadigms.Fi-

nally, section5 concludes.

2 Inf ormation and Knowledge

Mathematicalinformationtheoryis concernedwith the transmissionof symbols

throughachannelwheredisturbsmayact[28]. Durturbshavetheeffectof turning

symbolsinto oneanother;in its turn,thereceiverwhichis attheendof thechannel

attemptsto reconstructtheoriginalmessageasfaithfully aspossible.Thereceiver

forms a subjective probability distribution of the symbolsthat he will receive,

andmeasurestheseprobabilitiesby meansof thefrequenciesof thesymbolsthat

he alreadyreceived. In this context, information is the reductionof uncertainty
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causedby measurementof subjectiveprobabilities.

Informationis basicallythesameconceptin economics.However, this claim

shouldbe qualified by the observation that the economicvalue of information

dependson its usefulnessfor economicagents,ratherthanits quantity[19, 3, 4].

If a market for informationexists,informationcanbetradedlike any othergood.

Furthermore,if informationcanbe accumulatedandstored,thenthe conceptof

”capital” canbestretchedinto thatof ”humancapital” [5].

A distinctive featureof information is that it is interpretedby its recipients.

Humanbeingsclassify information into mentalcategories, a sort of broadcon-

tainersfor information. By doing so, humanboundedrationality is ableto deal

with a smallernumberof items.However, themainpurposeof mentalcategories

is thatof blurringdifferencesbetweenany two piecesof informationthatareclas-

sifiedin thesamecategory, while highlightingdifferencesbetweenany two pieces

of informationthatareclassifiedin differentcategories.1 In this way, mentalcat-

egoriesspecifytheobjects,theactionsandthescenariosthata decision-maker is

ableto envision. Ultimately, mentalcategoriesinterpretinformationinto a sub-

jectiverepresentationof theworld andits possibilities.

Let ususethetermknowledge for this combinationof information+ interpre-

tation. In principle, the term ”humancapital” could do equallywell. However,

”humancapital” is generallyusedwith a meaningof accumulatinginformation
1In reality, mentalcategoriesareconstructedby associationof singleexperienceswith mem-

orizedones.Thus,differencesbetweenpiecesof informationmaynot be ignored. Furthermore,
sinceassociationworkson pairwisesimilarity, mentalcategoriesmaylack a uniqueclassification
criteriumfor all the itemsthey entail. However, theabove accountis morethansufficient for the
purposesof thispaper.
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the way it is received, whereas”knowledge” is eventuallyusedin a lesscrude

way.

Another reasonfor stressingthe differencebetweenknowledgeand human

capital is that storing knowledgeis not as simple as storing capital. Just like

capital,knowledgeis anasset.As such,a firm mustbeableto storeit. However,

memorymanagementis verydifferentfrom inventorymanagement.

Cognitive sciencesdraw an importantdistinctionbetweendeclarative mem-

ory on theonehand,andprocedural memoryon theother. Declarative memories

storeknowledgeon a givensupport(e.g. a disk, or a book); thus,knowledgeis

retrievedby reachingthesupportitself. Thiskind of knowledgecanbe”declared”

by pointing at its memorylocation(e.g. the pointerto a memorycell in a com-

puter, or thepositionof a bookon a shelf). Proceduralmemory, on thecontrary,

doesnot storeknowledgeat any precisepoint in space.Proceduralmemoryis

madeof informationthatflows alonga circularpath;thus,a pieceof knowledge

canonly be retrieved by someotherpieceof knowledgethat comescloseto it

(e.g. we sometimesknow that, if we think a conceptA, we will trigger a chain

of associationsthatleadsto B, thento C and,finally, to a conceptX thatwewere

notableto ”declare”from thebeginning). In theparlanceof artificial intelligence,

declarativememoryis alsocalledlocalizedmemory, whereasproceduralmemory

is alsocalleddistributedmemory.

A proceduralmemorycan arise in any systemmadeof a large numberof

componentsthatarelinkedby anevengreaternumberof connections.This is the

caseof thebrainof asingledecision-maker, but alsoof afirm composedby many
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employeesinteractingwith oneanotheraswell asof an economycomposedby

many firms. Whenthemembersof afirm performasequenceof operationsagain

andagain,theensuingroutineis thecontentof afirm’sproceduralmemory[8, 9].

Routinesare that part of a firm’s knowledgethat is storedon a procedural,

distributedmemory. Blueprintsandtechnicalspecifications,on thecontrary, are

thatpartof afirm’sknowledgethatis storedon declarative, localizedmemories.

Let us conceive a firm ascomposedby organizationalunits that entail both

menandmachines.Let usassumethatorganizationalunitsareendowedwith aset

of categorieswhichthey useto classifyinformation,asetof piecesof information

to beproduced,anda rule thatspecifieson which occasiona particularpieceof

informationshouldbeproduced.Sinceorganizationalunitsrepresentcompounds

of menandmachines,categoriesrepresentthesituationsthatdecision-makersen-

dowed with particularmachinesareableto distinguishwhereasthe information

that they producerepresentsthedecisionsthey make. Rulesspecifywhich deci-

sionshouldbemadein eachsituation.

Let usdenoteby
�

j thesetof categoriesorganizationalunit j is endowedwith.

Let usdenoteby � j thesetof piecesof informationthatunit j is ableto produce.

A rule f j is a function f j :
�

j �� � j .

Rule f j is a pieceof knowledgestoredin unit j. Unit j actsasa localized

memoryfor thatpartof a firm’s knowledgethat is exclusively concernedwith j.

It is declarative memory, sinceif we want to know what a unit cando, the best

thing wecando is thatweaskit.

Furthermore,if it happensthatsomeunitspasson informationto oneanother,
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thecorrespondingsequenceof actionsis a routine.For instance,units1, 2, 3 are

involved in a routine if f1 � f1 � f2 � f3 � f1 �	�	� . In this example,units 1, 2, 3 act

asa distributedmemoryfor that part of a firm’s knowledgethat concernstheir

organizationandcoordination.It is proceduralmemory, sinceif wewantto know

whatthethreeunitscando together, we musttriggertheir interactions.Notethat

theunits involvedin a routinemight belongto differentfirms, ase.g. in thecase

of routinesthatinvolvecustomer-supplierrelationships.

Knowledgein localizedanddistributedmemorycanbemodelledby endow-

ing organizationalunits with the capability of classifyinginformation. Taking

inspirationfrom classifiersystems[13, 14], let us representboth categoriesand

informationby meansof stringsof L charactersthatcanbezeros,ones,or ”don’t

care”characters#. 2 Thus,K � 3L differentstringscanbeproduced.

Categoriesmustentail at leat one#-character. In fact, categoriesarestrings

thatmatchall informationstringsthathave zerosandonesin thesamepositions

wherethey have zerosandones;on the contrary, it doesnot matterwhich char-

actersinformationstringshave wherecategory stringshave a #. In this way, a

category stringactsasa containerthatclassifiesall informationstringsthathave

zerosandonesin its samepositions.For instance,thecategory stringdepictedin

theleft half of figure1 is ableto classifythefour informationstringsdepictedin

theright half of thepicture.

Informationstringsmayhave #-charactersaswell. However, thesecharacters
2Holland’sclassifiersystemsemploy theterms”conditions”and”actions”wherewesaid”cat-

egory” and”information”.
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Figure 1: A category string, and the four information stringsthat it is able to
match. The category string doesnot distinguishtheseinformationstringsfrom
oneanother. Thus,four informationstringsareclassifiedasonesinglepieceof
information.

haveadifferentmeaningasin category strings.

Let usconsidera genericorganizationalunit j. If an informationstringpro-

ducedby unit j has#-charactersin the samepositionswherea category string

ownedby j has#-characters,thenunit j simplycarrieson to otherunitsthesym-

bolsthatwerematchedby its category. For instance,if thecategorystringhada#

in apositionthatwasmatchedby a0 (1), thentheinformationstringproducedby

j hasalsoa0 (1) in thatposition.In thisway, informationclusterscanpropagate.

Category stringsbid money 3 in orderto classifyinformationstrings.If a cat-

egory stringsuceedsto matchaninformationstring,it paysto theorganizational

unit that issuedthatstring. Organizationalunits, in their turn, distributetheir en-
3Holland’s classifiersystemsusethe moreneutralword ”strength”. In our context, ”money”

helpsintuitiveunderstanding.
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dowmentof money amongtheir categories.

At the interfacebetweena firm andthemarket, informationstringsarepaied

by meansof realmoney. Within afirm, money is likely to beaninternalunit of ac-

count.However, in bothcasesmoney outlaysarerewardsfor organizationalunits

that issueinformationstringsthatotherunitsappreciate(e.g. gooddecisions).It

is thevalueof information.

Sincemoney inflows deriving from ”selling” informationallow to bid higher

pricesfor ”buying” information,money pathstendto bestable.If astablepathis

alsoacircularone,thatpathis associatedto a routine.

However, money cannotbe the only magnitudethat decideswhich category

stringwill classifya certaininformationstring.Categoriesentailinga largenum-

berof #-characterswill bebetterableto classifyinformation— in thelimit, acat-

egorystringmadeonly by #-characterswould beableto classifyany information

string. However, a general-purposecategory string would representa decision-

makerwho is not ableto distinguishinformationstringsfrom oneanother.

Consequently, classifiersystemsemploy two magnitudesin order to decide

which category stringclassifieswhich informationstring. Thesecondmagnitude

is thespecificityof astring,definedasthenumberof its non-#-characters.

Among thecategory stringsthatareableto matchan informationstring, the

oneis preferredthatis enoughspecificandoffersenoughmoney. A functionmust

weight thesetwo criteria in order to yield the probability that a category string

classifiesaninformationstring.

Let indicesk 
 k� � 1 
 2 
	�	�	� K denotecategory stringsandinformationstrings,
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respectively. Let pkk
 denotetheprobability thata category stringof typek clas-

sifiesan informationstringof typek� . Let ckk
 denotetheamountof money that

category string k passeson to informationstring k� : this is thecostof acquiring

information k� . Let sk be the specificity of category string k and let sk
 be the

specificityof informationstring k� , wheresk
�� sk. Then,pkk
 mustbesuchthat

∂pkk
�� ∂ckk
�� 0 and∂pkk
�� ∂ � sk
�� sk ��� 0.

Following themultinomiallogit model,let uschoosethefollowingexpression:

pkk
 � e� β
1��� sk
�� sk �

1� ckk

∑k
 e� β

1��� sk
 � sk �
1� ckk
 (1)

wherethe oneshave the purposeof including the limit casessk
!� sk � 0 and

ckk
 � 0. Let usposit that if connectionsbetweenk andk� arenot feasibleeither

becausesk
 � sk or becauseckk
 � 0, or both,thenit is pkk
 � 0.

Formula1 concernstheprobabilityof establishinga connectionbetweenone

category string of a certaintype andoneinformationstring of a certaintype. If

we assumethatmoney for classifyinginformationstringk� by meansof category

string k is always available, then 1 is identical with the probability that a unit

endowedwith a categorystringof typek establishesaconnectionwith aunit that

issuesaninformationstringof typek� :
pi " k# j " k
$#�% pkk
 (2)

wherei � k � meansthatunit i is endowedwith acategorystringof typek andunit j
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canproduceaninformationstringof typek� .
Theaboveassumptionimpliesthatmanagementoccasionallyredistributesmoney

in orderto enable”poor” units to adoptsolutionsthathave beenfoundby ”rich”

units.Thisamountsto concedethatthecreditassignmentalgorithmmaybeeven-

tually overriddenfor the sake of the firm’s well-being. Although sucha proce-

durecanonly occurat exceptionaltimesif the structureof rewardsis not to be

destroyed, it distinguishesrelationshipswithin firms asopposedto market rela-

tionships.

Notably, with equations1 and2, we endedup to describethe structureof a

firm by meansof arandomgraph.Interestingly, randomgraphshavebeenusedto

modelmarketsaswell [16, 17,15,31].

It is worth to remarkthatequation1 entailselementsfrom theoriesof thefirm

basedon transactioncostsaswell asfrom theoriesof the firm basedon compe-

tenceandknowledge.Ontheonehand,thecostsupportedby k in orderto acquire

informationk� is a transactioncostin Williamson’s sense:rationality is a scarce

resource,so the informationthat it producesis sold at a positive price. On the

otherhand,thedifferencebetweenspecificityof k� andspecificityof k generates

firm-specific,distributedknowledge.

Thecaseconsideredby transactioncostseconomicsis obtainedby assuming

sk
&� sk � 0 for ' k 
 k� . By makingthisassumption,equation1 dependsontransac-

tion costsonly.

Onthecontrary, thecaseconsideredby evolutionaryeconomicsis obtainedby

assumingckk
 � 0 for ' k 
 k� . By makingthis assumption,equation1 dependson
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knowledgeonly.

3 The ComparativeStaticsof OrganizationalStruc-

tur es

A firm canattainstructuraloptimalityif it findsitself in anenvironmentthatallows

prediction,andif it is capableof makingpredictions.Let usbemorespecificby

makingthefollowing definitions:

Definition 1 Theenvironmentof a firm is perfectlypredictableif it behavesac-

cording to deterministiclawsthatare knownby thefirm, andif theselawsdo not

requireunavailabledatain order to beapplied.4

Definition 2 Within a firm, a decision-maker is infallible if he makesdecisions

thatdonot impair theattainmentof firm’s goals.

Definition 1 regardsinformationclassificationinto categories. In a perfectly

predictableenvironment,informationclassificationis notnecessary.

Definition 2 regardsthe rules f wherebyorganizationalunits produceinfor-

mation strings. If all rules of all units are correct,duplicationof information

processingis notnecessary.

Clearly, infallible decision-makersin a perfectlypredictableenvironmentare

anabstraction.However, thatof a firm composedby infallible agentsthatdo not
4This definitionexcludesstochasticenvironments,evenif a firm would identify a probability

distribution fot all possibleevents. It excludesdeterministicchaosaswell, sincedeterministic
chaosarisesout of deterministiclaws thatrequiredatato beknown with infinite precision.
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requireinformationprocessingduplicationanddonotneedto classifyinformation

becauseit regardsa predictableenvironment,is a usefulbenchmarkstate. The

extentof informationclassificationandinformationprocessingduplicationcanbe

measuredwith respectto this state.

Furthermore,let usconsidera firm that is usedto carryout informationclas-

sificationandinformationprocessingduplicationto a certainextent,tailoredto a

certainlevel of environmentimpredictabilityanddecision-makersfallibility . Let

us supposethat, at a certainpoint in time, the environmentbecomesmorepre-

dictableand the firm hires bettermanagers.Then, this firm hasa tendencyto

decreaseinformationclassificationandinformationprocessingduplication.

Thus, informationclassificationand informationprocessingduplicationcan

be usedto definepotential functionsof organizationalstructures.Accordingto

thesepotentialfunctions,structureswith little informationclassificationandlittle

duplicationof informationprocessing,shouldbepreferred.

Remarkably, reality providesexampleswhereinformationclassificationand

duplicationof information processingenhancea firm’s competitive advantage.

For instance,[30] maintainthatToyotahasbeenableto developnew modelsfaster

thanany Americanor Japanesecompetitorbecausewithin this firm i) technical

specificationsfluctuatewithin broadrangesthatarenarrowedaslateaspossible

(broadcategories),and ii) a largenumberof alternative projectsis carriedout at

thesametime (informationprocessingduplication).

However, it is easyto conceive exampleslike theonereportedabove asdise-

quilibrium states.If Toyotawould operatein a perfectlypredictableenvironment

14



andif its managerswereinfallible, technicalspecificationscouldbenarrowedat

thevery beginningandonly oneprojectwould be carriedout at a time. Even if

mostfirms operatewith disequilibriumstructuresmostof the time, it is sensible

to comparealternativestructureswith respectto theequilibriumbenchmarkstate.

3.1 A First Potential Function: Inf ormation Classification

Moneysurplushasbeenproposedakindof potentialfunctionfor marketeconomies

[1, 10]. However, within firms bothmoney andspecificityshouldbeconsidered.

Takinginspirationfrom 1, let usdefineinformationsurplusukk
 asfollows:

ukk
 � 1 ( � sk
�� sk �
1 ( ckk
 (3)

Informationsurplusukk
 representstheinformationthatis wastedwhenacate-

goryof typek classifiesaninformationstringof typek� . It is directlyproportional

to thenumberof #-charactersin excessin k overk� , andinverselyproportionalto

theimportanceof theconnectionbetweenk andk� .
It is convenientto stipulatethat connectionsbetweenk andk� arenot estab-

lishedif eithersk
 � sk1, or ckk
 � 0, or both. Thus,for any feasibleconnectionit

is sk
 � sk andckk
 � 0; consequently, ukk
 � 0.

Informationsurplusof thewholefirm is thesumof theinformationsurpluses

of its connections.However, sinceconnectionsoccurwith specificprobabilities,

addendsmustbeweighted:

U � ∑
kk
 pkk
 ukk
 (4)
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If a firm startswith a structure)+* and arrives at a structure) * , its overall

informationsurplusdecreasesby theamount∆U :

∆U � ,�-
∑,
i . , - ∆Ui (5)

∆Ui � U / ,
i � U / ,

i � 1
(6)

wheretheseriesof structures01) i 2 extendsfrom )3* to ) * . If ∆Ui � 0 for ' i, then

thefirm hasaspontaneoustendency to movefrom structure)+* to structure) * .
3.2 A SecondPotential Function: Parallelism of Inf ormation

Processing

Let H denotethenumberof differentcategorystringsemployedby afirm, andlet

H � denotethenumberof differentinformationstringsthat its unitscanproduce.

SinceK is themaximumnumberof stringsthatcanbegenerated,it is H 4 K and

H � 4 K. Furthermore,sincethepurposeof category stringsis to classifyvarious

informationstringsunderthesameheading,it mustbeH � H � .
Duplicationof informationprocessingtakesplaceif two or morechainsof

at least threeorganizationalunits are involved in information pathsthat begin

wuth the samek� andendwith the samek. Let us begin with the caseof three

organizationalunits.

Chainsof threeorganizationalunits have only oneunit betweenthe two ex-

tremes. Let k� � k1 � k�1 � k be the possibleinformation paths,wherek1 is

an index of typesof category stringsandk�1 is an index of typesof information
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strings.Similarly to k andk� , k1 � 1 
 2 
	�	�5� H andk�1 � 1 
 2 
5�	�	� H � .
The probability that two or morechainsof threeorganizationalunits arein-

volvedin informationprocessingduplicationis:

v1 � 1
HH � H

∑
k. 1

H 

∑

k
 . 1

H

∑
k1 . 1

H 

∑

k
1 . 1

pkk
1 pk1k
 (7)

whereoefficient1� HH � ensuresthat0 4 v1 4 .

Let usconsiderchainsof four organizationalunits. Sincetherearetwo units

betweenthetwo extremes,pathsarek� � k1 � k�1 � k2 � k�2 � k, wherek2 and

k�2 have thesamemeaningask1 andk�1, respectively. Theprobability that two or

morechainsof four organizationalunits are involved in informationprocessing

duplicationis:

v2 � 6
1

HH �87 2 H

∑
k. 1

H 

∑

k
 . 1

H

∑
k1 9 k2 . 1

H 

∑

k
1 9 k
2 . 1

pkk
1 pk1k
2 pk2k
 (8)

Thegenericn-th termof this seriestakestheform:

vn � 6
1

HH �87 n H

∑
k . 1

H 

∑

k
 . 1

H

∑
k1 9 k2 9;:;:<: kn . 1

H 

∑

k
1 9 k
2 9;:;:;: k
n . 1

pkk
1 pk1k
2 �	�	� pknk
 (9)

Sincethemoreunitsareinvolved,thelessprobableit is that informationpro-

cessingduplicationoccurs,0 vn 2 is a decreasingseries.Thus,in a firm with mul-

tiple pathsup to orderN we canmeasureinformationprocessingduplicationby
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meansof:

V � 1
N

N

∑
n. 1

vn (10)

wherecoefficient1� N ensuresthat0 4 V 4 1.

Note that, sincewe did not specify which organizationalunits own which

strings,equation10 doesnot distinguishbetweeninformationprocessingdupli-

cation,triplication, quadruplicationandsoon. This is clearlya limitation of the

abovemeasure,thatreactsto stringsvarietyratherthanstringsmultiplicity. How-

ever, its simplicity is likely to make it useful in all the caseswherefirm size is

proportionalto varietyof jobs.

Similarly to 5 and6, we cansaythat if a firm startswith a structure)3* and

arrives at a structure ) * , information processingduplication decreasesby the

amount∆V:

∆V � ,=-
∑,
i . , - ∆Vi (11)

∆Vi � V / ,
i � V / ,

i � 1
(12)

wheretheseriesof structures01) i 2 extendsfrom )+* to ) * . If ∆Vi � 0 for ' i, then

thefirm hasaspontaneoustendency to movefrom structure)+* to structure) * .
4 From Hierar chy to Multihierar chy

Thepurposeof thissectionis to illustratethemeaningof theconceptsexpounded

hithertoon a practicalexample. Comparisonof hierarchiesandmultihierarchies
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waspromptedby thesuperiorperformanceof many Japanesefirms with respect

to their Americancompetitorsduring the 1980s,and soonbecamea canonical

topicin organizationscience.Westerninvestigatorspointedto communicationbe-

tweenmarketeersandengineers,personnelrotationandflexible teamscomposed

by peoplefrom differentdepartmentsaskey factorsof the successof Japanese

firms [12]. 5

Japanese-stylefirms have beencharacterizedasmultihierarchies, i.e. struc-

tureswherecross-connectionsbetweendepartmentsoriginatefrom superimposi-

tion of multiplehierarchies.Figure2 illustratesthedifferencebetweenhierarchies

andmultihierarchiesin a highly simplifiedsetting.Both structuresentaila com-

mandingunit (0) (theboss)andtwo functionalunits(1) and(2) (e.g.engineering

andmarketing) thatprocessinformationstemmingfrom two sources(I) and(II)

(e.g. technologicalconstraintsandmarket surveys). Contraryto simplehierar-

chy, themultihierarchyforcesengineersto take accountof estheticalaspectsand

marketeersto takeaccountof technicalaspects.

Let uscomputepotentialfunctionsU andV for thehierarchyandthemulti-

hierarchyof figure2, respectively. If a firm is endowedwith infallible managers

and if it operatesin a perfectlypredictableenvironment,it shouldmove to the

structurethathaslowerU andlowerV.

Sources(I) and (II) produceinformation that is purchasedby units (1) and

(2). Let sI andsI I bethespecificitiesof theinformationstringsissuedby (I) and
5Subsequentinvestigationyieldedamuchricher, oftendifferentpictureof Japanese-styleman-

ufacturing.However, heretheissueis thatof comparingidealizedstructuresthathavebeenwidely
discussedin theliterature.
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Figure2: In the”American” hierarchyon theleft, units(1) and(2) rely on infor-
mationissuedby (I) and(II), respectively. In the ”Japanese”multihierarchyon
theright, units(1) and(2) rely on informationissuedby both(I) and(II)

(II), respectively. Let s1 ands2 bethespecificitiesof thecategoriesownedby (1)

and(2), respectively. Let c1I andc1I I bethecostbearedby (1) in orderto obtain

informationissuedby (I) and(II), respectively. Let c2I andc2I I bethecostbeared

by (2) in orderto obtaininformationissuedby (I) and(II), respectively. Finally,

let p1I , p1I I , p2I and p2I I denotetheconnectionprobabilitiesbetweenfirm units

(1) and(2) andinformationsources(I) and(II).

In their turn, units (1) and(2) produceinformationthat is purchasedby (0).

Let p01 andp02 denotetheprobabilitiesof establishinga link from (0) to (1) and

from (0) to (2), respectively.

Let us considerinformationsurplusU . We canignoreconnectionsbetween

(0) and(1), (2), sincethey arethesamein bothstructuralsettings.

Following 5 and6, hierarchyandmultihierarchyyield thefollowing valuesof
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U :

Uh � p1I > 1 ( � sI � s1 �
1 ( c1I ? ( p2I I > 1 ( � sI I � s2 �

1 ( c2I I ? (13)

Umh � p1I > 1 ( � sI � s1 �
1 ( c1I ? ( p2I I > 1 ( � sI I � s2 �

1 ( c2I I ?( p1I I > 1 ( � sI I � s1 �
1 ( c1I I ? ( p2I > 1 ( � sI � s2 �

1 ( c2I ? (14)

Let usignoretransactioncosts,sincethey canbeoffsetby resourcetransfers.

Thus,let usanalyzethemeaningof equations13and14with theassumptionthat

c1I � c1I I � c2I � c2I I andthat,in thehierarchy, p1I � p2I I � 1.

Then,it is easyto seethatUmh � Uh, i.e. thata firm hasa tendency to swith

from a hierarchicalto a multihierarchicalstructureif � sI I � s1 �@�A� sI � s1 � and� sI � s2 �B�C� sI I � s2 � . Theseinequalitiescanbeinterpretedin two ways.

Thefirst oneis to remarkthatif wesimplify s1 ands2 onbothsides,theabove

inequalitiesreduceto sI I � sI andsI I � sI , respectively. Sincetheseinequalities

are inconsistentwith one another, we are led to the conclusionthat for a firm

endowedwith infallible managerswho facea predictableenvironment,hierarchy

is betterthanmultihierarchy. Thus,theshift from hierarchyto multihierarchythat

tookplacein the1980swasdueto greatermarket turbulence.

Thesecondoneis to observe that theabove inequalitiescouldbemadecom-

patiblewith oneanotherif units (1) and (2) would be endowed with two cate-

gorieseach,onespecificfor technicalinformationandtheotherspecificfor mar-

ket information. The two inequalitieswould become� sI I � s3 �D�E� sI � s1 � and
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� sI � s4 �F�G� sI I � s2 � , whichcouldbemadecompatibleby anappropriatechoiceof

s3 ands4. Althoughmathematicallyfeasible,thissolutionis meaninglessbecause

it implies that the engineersarebetterat evaluatingmarket signalsthanmarke-

teersare,andthat marketeersarebetterat evaluatingtechnologicalpossibilities

thanengineersare.

However, it is importantto remarkthatmeaningfulchoicesof s3 ands4 would

beableto softenthestengthof theseinequalities.Thus,if market turbulencesug-

geststo switch to a multihierarchicalstructure,potentialinefficienciesshouldbe

balancedby increasingthecapabilitiesof organizationalunits. If engeneersmust

take accountof market signalsand if marketeersmust take accountof techno-

logical constraints,thenengineersshouldacquiresomemarketingcapabilityand

marketeersshouldacquiresometechnicalcapability.

Let usconsiderinformationprocessingduplicationV. Themultihierarchyon

theright half of figure2 duplicatesbothinformationpathsof thehierarchyshown

in the left half of figure 2. In fact, path � I �H� � 1�H� � 0� canbe duplicatedby� I �3�I� 2�3�I� 0� whereas� II �3�J� 2�K�J� 0� canbeduplicatedby � II �3�J� 1�K�J� 0� .
Sincebothduplicatingpathscrossonly oneorganizationalunit,V coincideswith

v1.

Applicationof formulas7 and10yields:

Vh � 1
HH � � p01p1I ( p02p2I I � (15)

Vmh � 1
HH � � p01p1I ( p02p2I ( p02p2I I ( p01p1I I � (16)
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Let ussupposethateachorganizationalunit ownsonly onecategorystringand

issuesonly oneinformationstring. Sincecategory stringsareownedby (0), (1)

and(2), it is H � 3. Sinceinformationstringsareproducedby (I), (II), (1) and(2)

it is H � � 4.

If we assumefor simplicity that all probabilitiesare equalto one, then we

obtainVh � 1� 6 andVmh � 1� 3. Again,weareledto theconclusionthatfor afirm

endowedwith infallible managerswho facea predictableenvironment,hierarchy

is betterthanmultihierarchy.

5 Conclusion

This article formalizedseveral notionspertainingto evolutionary literatureon

industrial economics,including knowledgeand routines. Furthermore,it set a

bridgebetweenknowledge-basedandtransactioncosts-basedtheoriesof thefirm.

Applicationof theproposedtools to thewell-known comparisonof ”Ameri-

can”and”Japanese”organizationalstylesyieldedsensibleresults.However, qual-

itatively similar resultshadbeenpreviously achievedeitherby empiricalinvesti-

gations[27] or by meansof moretraditionalmodels[2].

Thus, in a qualitative comparisonof highly stylizedstructuresthe formulas

developedhithertohave, at most,a methodologicalvalue. However, the level of

detailof themodelpresentedhereinallowsempiricalevaluationof highly specific

structures,includingexactdescriptionsof circulatinginformationandits interpre-

tation by particularorganizationalunits. Sincethe bridgebetweenknowledge-
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basedandtransactioncosts-basedmodelsis setat a moremicroscopiclevel than

theoneswheremostknowledge-basedandtransactioncosts-basedmodelsoper-

ate, this modeloffers possibilitiesof applicationsin the field of expert systems

design.

However, oneshouldneverforgetthat— beingderivedfrom anartificial intel-

ligenceapproach— thegenerationof semanticsis absentfrom this model.Thus,

expert systemsbasedon this modelcannotgenerateinformation interpretations

beyondthosespecifiedby themodeller.
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