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Abstract

This article presents formalizationof knowledgebasedon a connec-
tionist model of a firm’s structure. Transactioncostsare not ignored, but
integratedwith the knowledge-baseapproach. A numericalexampleon
the canonicalcomparisorof "Japanesetversus’American” organizational
structuredllustratesthe power of themodel.
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1 Intr oduction

Accordingto commonwisdom,argumentsbasedon transactiorcostscanbe ex-
tendedfrom generaljustification of the existenceof firms [7] to justification of
particularfirm structureg32]. Accordingto Williamson’s account,transaction
costsarisewithin firms becausendividual actorsare boundedlyrational. Thus,

processingnformationis costly, andstructuremustbesuchthatit minimizesthese
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costs.In particulay Williamson claimedthatthe passagérom multifunctionalto
multidivisionalstructureof mary large companiesluringthefirst half of the XX
century[6] wasdueto lower transactioncostsof the multidivisional form with
respecto the multifunctionalform.

More recently Radnerand Van Zandt developedthe transactioncostsap-
proachin greaterdetail, resortingto technique$orroved from computerscience
[22, 21, 29]. Firms are modelledas hierarchiesof information processorghat
performassociatie operationse.g. summation. Eachprocessois performing
operationsn aserialfashionwhereagprocessoratthesamedevel aredoingtheir
work in parallel. For ary givenamountof datato be processedincreasing(de-
creasing)the amountof parallelprocessingeadsto longer (shorter)processing
time anda larger (smaller)numberof processorsln otherwords,the more”flat”
a structure,the shorterthe processingime andthe more the managerspn the
contrary the more”vertical” a structure the longerthe processingime andthe
lessthe managerslf both the numberof managerandtime to make a decision
arecostly, anefficient frontier of optimal structuresanbefound.

Thus,transactiorcostsspecifya setof feasiblestructuresandidentify a fron-
tier of optimal structuresHowever, they do not suffice to singleout oneof them.

Not surprisingly realityis muchmorecomplicatedhanRadnemandVanZandt’s
model. We obsenre very differentstructureswithin the sameindustry differing
from oneanotherin mary morerespectghan”flatness”or "verticality”. Appar
ently, structuralvarietyis not evenlimited to the optimality frontier, but extends

to thewhole setof economicallyfeasiblestructures.



It seemssensibleto guessthat unpredictabilityand turbulenceof real ervi-
ronmentdendto enlagethe scopefor structuralvariety History andexperience
arelikely to leadto firm-specificstructureghat mustlie within the feasibility set
specifiedby transactiorcosts,but thatmay befar from its optimality frontier.

Furthermoredecision-makrsoccasionallynake errors.In orderto minimize
the probability that individual errorspropagateo the whole firm, it is sensible
to duplicatedecision-makingat leastto someextent [24, 25, 26]. However, if
several managersnustbe assignedo the sametask, a firm is surelyaway from
thefrontier of optimalstructures.

Finally, employeesandtheir capabilitieschangewith time, aswell asthetur-
bulenceof the ervironmentthatthey face.Thus,thefrontier of optimalstructures
is likely to changeaswell. Consequentlyit might even be rationalfor a firm to
staybelow the optimality frontier: in this way, a firm canbe confidentthatit will
never exit thechangingborderof the setof feasiblestructures.

Clearly, the scopefor structuralvariety on the whole setof feasiblestructures
is evenlargerthanalongits frontier of optimalstructuresThus,otherforcesmust
operatethe choiceof a particularstructure pesidedransactiorcosts.

Richardsomand Loasbyfirst pointedto firm-specificknowledg and compe-
tenciesas determinantof structuraland behaioral diversity of firms [23, 18].
More recently Nelsonand Winter embeddedheir insightsinto an evolutionary
framavork thatidentifiestheroutinesemployedby afirm asthe’genes”whereby
its knowledgeis reproducedinnovatedandtransmitted20]. Finally, Hammond

interpretedthe shift from multifunctionalto multidivisional structurein termsof



aggreatingandchannelingnformationaccordingo criteriathatproducesuitable
knowledge[11].

Unfortunately the knowledge-base@pproachacks formalization. Further
more, it is isolatedfrom the transactioncosts-basedapproach. This article at-
temptsto overcomeboth shortcomingspresentinga modelinspiredto connec-
tionist theoriesof knowledgeformationin distributedintelligencesystems.

Therestof the paperis organizedasfollows. Section2 introduceshasiccon-
ceptsregardinginformation, knowledgeandroutineswithin the framewnork of a
connectionisimodel derived from classifiersystems.Section3 presentgwo in-
dicatorsof the performanceof a firm asinformation processar Section4 ap-
pliestheseindicatorsto the analysisof a canonicaltopic of organizationscience,
namelythe coparisorof "American” vs. "Japanesebrganizationparadigms Fi-

nally, section5 concludes.

2 Information and Knowledge

Mathematicainformationtheoryis concernedvith the transmissiorof symbols
througha channelwheredisturbsmayact[28]. Durturbshave theeffectof turning
symbolsinto oneanotherjn its turn,thereceverwhichis attheendof thechannel
attemptdgo reconstructheoriginalmessageasfaithfully aspossible.Therecever
forms a subjectve probability distribution of the symbolsthat he will receve,
andmeasuresheseprobabilitiesby meansf the frequencie®f the symbolsthat

he alreadyreceved. In this contet, informationis the reductionof uncertainty



causedy measuremerdf subjectve probabilities.

Informationis basicallythe sameconceptn economics However, this claim
should be qualified by the obsenation that the economicvalue of information
depend®nits usefulnesgor economicagentsyatherthanits quantity[19, 3, 4].
If amarketfor informationexists,informationcanbetradedlik e ary othergood.
Furthermorejf informationcanbe accumulatedgind stored,thenthe conceptof
"capital” canbe stretchednto thatof "Thnumancapital” [5].

A distinctive featureof informationis thatit is interpretedby its recipients.
Humanbeingsclassify informationinto mentalcategories a sortof broadcon-
tainersfor information. By doing so, humanboundedrationality is ableto deal
with a smallernumberof items. However, the main purposeof mentalcateyories
is thatof blurring differencedetweerary two piecesof informationthatareclas-
sifiedin the samecateagory, while highlightingdifferencedbetweerary two pieces
of informationthatareclassifiedn differentcategories.! In this way, mentalcat-
egoriesspecifythe objects the actionsandthe scenarioghata decision-makris
ableto ervision. Ultimately, mentalcateyoriesinterpretinformationinto a sub-
jective representationf theworld andits possibilities.

Let ususethetermknowled@ for this combinationof information+ interpre-
tation. In principle, the term "human capital” could do equallywell. However,

"human capital” is generallyusedwith a meaningof accumulatingnformation

1In reality, mentalcategoriesare constructedy associatiorof single experiencesvith mem-
orizedones. Thus, differencesetweerpiecesof informationmay not be ignored. Furthermore,
sinceassociatiorworkson pairwisesimilarity, mentalcategoriesmaylack a uniqueclassification
criteriumfor all the itemsthey entail. However, the above accountis morethansuficient for the
purpose®f this paper



the way it is receved, whereas’knowledge” is eventually usedin a lesscrude
way.

Another reasonfor stressingthe differencebetweenknowledgeand human
capital is that storing knowledgeis not as simple as storing capital. Justlike
capital,knowledgeis anasset As such,a firm mustbeableto storeit. However,
memorymanagemeris very differentfrom inventorymanagement.

Cognitive sciencedrav an importantdistinction betweendeclamative mem-
ory ontheonehand,andprocedual memoryon the other Declaratve memories
storeknowledgeon a given support(e.g. a disk, or a book); thus, knowledgeis
retrievedby reachinghesupporttself. Thiskind of knowledgecanbe”declared”
by pointing at its memorylocation(e.g. the pointerto a memorycell in a com-
puter or the positionof a book on a shelf). Proceduramemory on the contrary
doesnot storeknowledgeat arny precisepoint in space. Proceduraimemoryis
madeof informationthatflows alonga circular path;thus,a pieceof knowledge
canonly be retrieved by someother piece of knowledgethat comescloseto it
(e.g. we sometimesknow that, if we think a conceptA, we will triggera chain
of associationshatleadsto B, thento C and,finally, to aconceptX thatwe were
notableto "declare”from thebeginning). In the parlanceof artificial intelligence,
declaratve memoryis alsocalledlocalizedmemorywhereagproceduraimemory
is alsocalleddistributedmemory

A proceduralmemorycan arisein ary systemmadeof a large numberof
componentshatarelinkedby anevengreatemumberof connectionsThisis the

caseof thebrainof a singledecision-makr, but alsoof afirm composedy mary



employeesinteractingwith oneanotheraswell asof an economycomposedy
mary firms. Whenthe membersf afirm performasequencef operationsagain
andagain.theensuingroutineis the contentof afirm’s proceduramemory[8, 9].

Routinesare that part of a firm’s knowledgethatis storedon a procedural,
distributedmemory Blueprintsandtechnicalspecificationspn the contrary are
thatpartof afirm’s knowledgethatis storedon declaratve, localizedmemories.

Let us conceve a firm ascomposedy organizationalunits that entail both
menandmachinesLet usassumehatorganizationalinitsareendavedwith aset
of categyorieswhichthey useto classifyinformation,asetof piecesof information
to be producedanda rule that specifieson which occasiona particularpieceof
informationshouldbe produced Sinceorganizationalnitsrepresentompounds
of menandmachinescatajoriesrepresenthesituationghatdecision-makrsen-
dowed with particularmachinesare ableto distinguishwhereaghe information
thatthey producerepresentshe decisionghey make. Rulesspecifywhich deci-
sionshouldbe madein eachsituation.

Letusdenoteby (j thesetof cateyoriesorganizationalinit j is endavedwith.
Let usdenoteby I; the setof piecesof informationthatunit j is ableto produce.
A rule fjis afunction fj : Cj — Ij.

Rule f; is a pieceof knowledgestoredin unit j. Unit j actsasa localized
memoryfor thatpartof afirm’s knowledgethatis exclusively concernedwvith j.
It is declaratve memory sinceif we wantto know whata unit cando, the best
thing we candois thatwe askit.

Furthermoreif it happenshatsomeunits passoninformationto oneanothey



the correspondingequencef actionsis a routine. For instanceunits 1, 2, 3 are
involvedin aroutineif f; = f1(f2(f3(f1))). In this example,units 1, 2, 3 act
asa distributed memoryfor that part of a firm’s knowledgethat concernsheir
organizatiorandcoordination.lt is proceduramemory sinceif we wantto know

whatthethreeunits cando togetherwe musttriggertheir interactions .Note that
theunitsinvolvedin aroutinemight belongto differentfirms, ase.g. in thecase
of routinesthatinvolve customersupplierrelationships.

Knowledgein localizedanddistributedmemorycanbe modelledby endav-
ing organizationalunits with the capability of classifyinginformation. Taking
inspirationfrom classifiersystemg13, 14], let us represenboth cateyoriesand
informationby meansof stringsof L charactershatcanbe zeros,ones,or "don’t
care”character#. 2 Thus,K = 3" differentstringscanbe produced.

Catgyoriesmustentail at leat one #-character In fact, catgyoriesare strings
thatmatchall informationstringsthathave zerosandonesin the samepositions
wherethey have zerosandones;on the contrary it doesnot matterwhich char
actersinformation stringshave wherecateyory stringshave a #. In this way, a
cateyory string actsasa containerthat classifiesall informationstringsthathave
zerosandonesin its samepositions.For instancethe cataory stringdepictedn
theleft half of figure 1 is ableto classifythe four informationstringsdepictedin
theright half of the picture.

Informationstringsmay have #-characteraswell. However, thesecharacters

2Holland’s classifiersystemsmploy theterms”conditions” and”actions” wherewe said”cat-
egory” and”information”.



# 0 0 1 1
1 1 1 1 1
# 0 1 0 1
0 0 0 0 0
a category string information strings matched by that category string

Figure 1: A category string, and the four information stringsthat it is ableto
match. The category string doesnot distinguishtheseinformation stringsfrom
oneanother Thus,four informationstringsare classifiedasonesingle pieceof
information.

have a differentmeaningasin cateyory strings.

Let us considera genericorganizationalunit j. If aninformationstring pro-
ducedby unit j has#-charactersn the samepositionswherea category string
ownedby j has#-characterghenunit j simply carrieson to otherunitsthe sym-
bolsthatwerematchedoy its categyory. For instancejf the category stringhada#
in apositionthatwasmatchedoy a0 (1), thentheinformationstringproducedy
j hasalsoa0 (1) in thatposition. In thisway, informationclusterscanpropagate.

Catagory stringsbid mong 2 in orderto classifyinformationstrings. If acat-
egory string suceedso matchaninformationstring, it paysto the organizational

unit thatissuedthat string. Organizationalunits, in their turn, distribute their en-

3Holland’s classifiersystemsusethe more neutralword "strength”. In our context, "money”
helpsintuitive understanding.



dowmentof monegy amongtheir categories.

At theinterfacebetweena firm andthe market, informationstringsarepaied
by meansf realmoney. Within afirm, money is likely to beaninternalunit of ac-
count.However, in bothcasesnone outlaysarerewardsfor organizationalinits
thatissueinformationstringsthatotherunits appreciatge.g. gooddecisions).It
is the valueof information.

Sincemongy inflows derving from "selling” informationallow to bid higher
pricesfor "buying” information,money pathstendto bestable.If a stablepathis
alsoacircularone,thatpathis associatedo aroutine.

However, mong/ cannotbe the only magnitudethat decideswhich category
stringwill classifya certaininformationstring. Cateyoriesentailingalarge num-
berof #-charactersvill bebetterableto classifyinformation— in thelimit, acat-
egory stringmadeonly by #-charactersvould be ableto classifyary information
string. However, a general-purposeategory string would represent decision-
maker whois not ableto distinguishinformationstringsfrom oneanother

Consequentlyclassifiersystemsemploy two magnitudesn orderto decide
which category string classifieswhich informationstring. The secondnagnitude
is the specificityof a string, definedasthe numberof its non-#-characters.

Amongthe cateyory stringsthatareableto matchaninformationstring, the
oneis preferredthatis enouglrspecificandoffersenoughmonsey. A functionmust
weight thesetwo criteriain orderto yield the probability that a cateyory string
classifiesaninformationstring.

Let indicesk,k' = 1,2,...K denotecateyory stringsandinformationstrings,

10



respectrely. Let pye denotethe probability thata cateyory string of typek clas-
sifiesaninformationstring of typek’. Let ¢ denotethe amountof money that
category string k passe®n to informationstringk’: this is the costof acquiring
informationk’. Let ¢ be the specificity of category string k andlet ss be the
specificityof informationstring k’, wheresy > s.. Then, pye mustbe suchthat
0pwe /0Ce > 0 andope /d(se —Sk) < 0.

Following themultinomiallogit model,let uschoosehefollowing expression:

B (50—
e 1+Ckk[

Pk = (5% (1)
Zk’ e l+Ckk/

wherethe oneshave the purposeof including the limit casessy — s¢ = 0 and
cue = 0. Let uspositthatif connectiondetweerk andk’ arenot feasibleeither
because < s or because < 0, or both,thenit is pg = 0.

Formulal concernghe probability of establishinga connectiorbetweenone
cateyory string of a certaintype andoneinformationstring of a certaintype. If
we assumehatmoney for classifyinginformationstringk’ by meansof category
string k is always available,then 1 is identical with the probability that a unit
endavedwith a cateyory string of typek establishes connectiorwith a unit that

issuesaninformationstring of typek':

Pi(k)j(k) = Pk (2)

wherei (k) meanghatuniti is endavedwith acategory string of typek andunit j

11



canproduceaninformationstringof typek'.

Theaboreassumptiommpliesthatmanagemerdccasionallyedistributesmoney
in orderto enable’poor” unitsto adoptsolutionsthat have beenfound by "rich”
units. Thisamountgo concedehatthecreditassignmenalgorithmmaybeeven-
tually overriddenfor the sale of the firm’s well-being. Although sucha proce-
durecanonly occurat exceptionaltimesif the structureof rewardsis not to be
destryed, it distinguishegelationshipswithin firms asopposedo market rela-
tionships.

Notably, with equationsl and 2, we endedup to describethe structureof a
firm by meansf arandomgraph.Interestinglyrandomgraphshave beenusedto
modelmarketsaswell [16, 17,15, 31].

It is worthto remarkthatequationl entailselementdrom theoriesof thefirm
basedon transactiorcostsaswell asfrom theoriesof the firm basedon compe-
tenceandknowledge.Ontheonehand,the costsupportedy k in orderto acquire
informationk’ is a transactiorcostin Williamson’s sense:rationality is a scarce
resource so the informationthat it producess sold at a positive price. On the
otherhand,the differencebetweenspecificityof k' andspecificityof k generates
firm-specific,distributedknowledge.

The caseconsideredy transactiorcostseconomicss obtainedby assuming
s¢ — Sk = O for Vk, k'. By makingthis assumptionequationl depend®n transac-
tion costsonly.

Onthecontrary thecaseconsideredy evolutionaryeconomicss obtainedoy

assumingce = 0 for Vk,k'. By makingthis assumptionequationl dependson

12



knowledgeonly.

3 The Comparative Staticsof Organizational Struc-
tures

A firm canattainstructuraloptimalityif it findsitselfin anenvironmentthatallows
prediction,andif it is capableof makingpredictions.Let us be morespecificby

makingthefollowing definitions:

Definition 1 Theernvironmentof a firm is perfectly predictablef it behavesac-
cording to deterministidawsthat are knownby thefirm, andif theselaws do not

require unavailabledatain order to be applied.

Definition 2 Within a firm, a decision-maér is infallible if he malesdecisions

thatdo notimpair the attainmentof firm’s goals.

Definition 1 regardsinformationclassificationinto categories. In a perfectly
predictablesnvironment,informationclassificatioris not necessary

Definition 2 regardsthe rules f wherebyorganizationalunits produceinfor-
mation strings. If all rulesof all units are correct, duplicationof information
processings notnecessary

Clearly, infallible decision-makrsin a perfectlypredictableenvironmentare

anabstraction However, thatof afirm composedy infallible agentghatdo not

4This definition excludesstochastieernvironments evenif a firm would identify a probability
distribution fot all possibleevents. It excludesdeterministicchaosaswell, sincedeterministic
chaosarisesout of deterministidaws thatrequiredatato be known with infinite precision.
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requireinformationprocessingluplicationanddo notneedo classifyinformation
becauset regardsa predictableenvironment,is a useful benchmarkstate. The
extentof informationclassificatiorandinformationprocessingluplicationcanbe
measuredvith respecto this state.

Furthermorelet usconsidera firm thatis usedto carry outinformationclas-
sificationandinformationprocessingluplicationto a certainextent, tailoredto a
certainlevel of ervironmentimpredictabilityanddecision-makrsfallibility . Let
us supposdhat, at a certainpoint in time, the ernvironmentbecomesnore pre-
dictableandthe firm hires bettermanagers.Then, this firm hasa tendencyto
decreas@nformationclassificatiorandinformationprocessingluplication.

Thus, information classificationand information processingduplicationcan
be usedto definepotential functionsof organizationalstructures.Accordingto
thesepotentialfunctions,structureswith little informationclassificatiorandlittle
duplicationof informationprocessingshouldbe preferred.

Remarkablyreality provides exampleswhereinformation classificationand
duplicationof information processingenhancea firm’s competitve adwantage.
Forinstance[30] maintainthatToyotahasbeenableto developnen modelsfaster
thanarny Americanor Japaneseompetitorbecausewithin this firm i) technical
specificationdluctuatewithin broadrangeshatarenarraved aslate aspossible
(broadcateyories),andii) alarge numberof alternatve projectsis carriedout at
thesametime (informationprocessingluplication).

However, it is easyto conceve exampledlik e the onereportedabove asdise-

quilibrium states.If Toyotawould operatan a perfectlypredictablesrvironment

14



andif its managersvereinfallible, technicalspecificationsould be narroved at
the very beginning andonly one projectwould be carriedout at a time. Evenif
mostfirms operatewith disequilibriumstructuresmostof thetime, it is sensible

to comparealternatve structureswith respecto the equilibriumbenchmarlstate.

3.1 A First Potential Function: Information Classification

Money surplushasbeenproposedkind of potentialfunctionfor marketeconomies
[1, 10]. However, within firms bothmoneg/ andspecificityshouldbe considered.

Takinginspirationfrom 1, let usdefineinformationsurplusuy asfollows:
Uge = kX (3)

Informationsurplusuye representtheinformationthatis wastedvhenacate-
gory of typek classifiesaninformationstringof typek'. It is directly proportional
to the numberof #-characteren excessin k overk/, andinverselyproportionalto
theimportanceof the connectiorbetweerk andk’.

It is convenientto stipulatethat connectionsbetweenk andk’ are not estab-
lishedif eithersy < s¢1, or ¢ < 0, or both. Thus,for ary feasibleconnectionit
IS S¢ > S andcye > 0; consequentlyue > 0.

Informationsurplusof thewholefirm is the sumof theinformationsurpluses
of its connections However, sinceconnectionsccurwith specificprobabilities,

addendsnustbeweighted:

U="> Puclie (4)
@
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If afirm startswith a structuresS, andarrives at a structureS*, its overall

informationsurplusdecreaseby theamountAU:

5*

AU = Z AU; (5)
5]25*

AU = Ulg—Ul . (6)

wherethe seriesof structures( S} extendsfrom S, to $*. If AU; < O for Vi, then

thefirm hasa spontaneoutendeng to move from structures, to structuresS*.

3.2 A SecondPotential Function: Parallelism of Information

Processing

Let H denotethe numberof differentcategory stringsemployedby afirm, andlet
H’ denotethe numberof differentinformationstringsthatits units canproduce.
SinceK is themaximumnumberof stringsthatcanbegeneratedit isH < K and
H’ < K. Furthermoresincethe purposeof category stringsis to classifyvarious
informationstringsunderthe sameheadingjt mustbeH < H'.

Duplication of information processingakes placeif two or more chainsof
at leastthree organizationalunits are involved in information pathsthat begin
wuth the samek’ andendwith the samek. Let us begin with the caseof three
organizationalnits.

Chainsof threeorganizationalunits have only one unit betweerthe two ex-
tremes. Let kK — k; — k’l — k be the possibleinformation paths,wherek; is

anindex of typesof cateyory stringsandk; is anindex of typesof information

16



strings.Similarly tok andk’, ky = 1,2,...H andk; = 1,2,...H".
The probability thattwo or more chainsof threeorganizationalunits arein-

volvedin informationprocessingluplicationis:

HI

Piic, Py (7)
k=1K 1 ki=1 klz_ '

whereoeficient1/HH’ ensureshat0 < v; <.

MI

\%
te HH’

Let usconsiderchainsof four organizationalunits. Sincetherearetwo units
betweerthetwo extremes pathsarek’ — k1 — K| — ko — ki, — k, wherek, and
K, have the samemeaningask; andk}, respectiely. The probability thattwo or
more chainsof four organizationalunits areinvolved in information processing

duplicationis:

2 H H
Vo = ( ) g Phic; Pk, Pk (8)

2_

Thegenericn-thtermof this seriesakestheform:

nH H H H’
Vo= (HH,) >y 3 PPy Pkt (9)
1k'1,k’27 =1

=1k'=1Kky ko,

Sincethe moreunitsareinvolved,thelessprobableit is thatinformationpro-
cessingduplicationoccurs {v,} is a decreasingeries.Thus,in a firm with mul-

tiple pathsup to orderN we canmeasurenformationprocessingluplicationby

17



meanf;

Vi (10)

wherecoeficient1/N ensureghat0 <V < 1.

Note that, sincewe did not specify which organizationalunits own which
strings,equation10 doesnot distinguishbetweeninformation processinglupli-
cation,triplication, quadruplicatiorandsoon. This is clearly a limitation of the
above measurethatreactgo stringsvarietyratherthanstringsmultiplicity. How-
ever, its simplicity is likely to make it usefulin all the caseswherefirm sizeis
proportionalto variety of jobs.

Similarly to 5 and 6, we cansaythatif afirm startswith a structures, and

arrives at a structureS*, information processingduplication decreasedy the

amountAV:
5*
AV = Z AV 11
SiZS*
AV = VsV, (12)

wherethe seriesof structuredS;} extendsfrom §, to §*. If AV, < 0 for Vi, then

thefirm hasa spontaneoutendeng to move from structures, to structureS*.

4 From Hierar chy to Multihierar chy

Thepurposeof this sectionis to illustratethe meaningof the conceptsxpounded

hithertoon a practicalexample. Comparisorof hierarchiesandmultihierarchies

18



was promptedby the superiorperformancef mary Japanesérms with respect
to their Americancompetitorsduring the 1980s,and soonbecamea canonical
topicin organizatiorscience Westerrinvestigatorgointedto communicatiorbe-
tweenmarketeersandengineerspersonnetotationandflexible teamscomposed
by peoplefrom differentdepartmentaskey factorsof the succesf Japanese
firms[12]. °

Japanese-stylgérms have beencharacterizecs multihierarchies i.e. struc-
tureswherecross-connectionsetweendepartmentsriginatefrom superimposi-
tion of multiple hierarchiesFigure2 illustratesthedifferencebetweerhierarchies
andmultihierarchiesn a highly simplified setting. Both structuresentaila com-
mandingunit (0) (the boss)andtwo functionalunits (1) and(2) (e.g.engineering
andmarketing) that procesanformationstemmingfrom two sourcegl) and(ll)
(e.g. technologicalconstraintsand market surweys). Contraryto simple hierar
chy, the multihierarchyforcesengineerso take accountof estheticabspectand
marketeerdo take accouniof technicalaspects.

Let us computepotentialfunctionsU andV for the hierarchyandthe multi-
hierarchyof figure 2, respectiely. If afirm is endavedwith infallible managers
andif it operatesn a perfectly predictableervironment,it shouldmove to the
structurethathaslowerU andlowerV.

Sourcedq(l) and (ll) produceinformationthatis purchasedy units (1) and

(2). Let s ands| bethe specificitiesof theinformationstringsissuedby (1) and

SSubsequeritvestigatioryieldedamuchricher, oftendifferentpictureof Japanese-stylman-
ufacturing.However, heretheissueis thatof comparingdealizedstructureghathave beenwidely
discussedh theliterature.
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7% £2

Figure2: In the”American” hierarchyon theleft, units (1) and(2) rely oninfor-
mationissuedby (1) and(ll), respectrely. In the "Japanese’multihierarchyon
theright, units(1) and(2) rely oninformationissuedoy both (I) and(ll)

(I, respectrely. Let s; ands, bethe specificitiesof the categoriesownedby (1)
and(2), respectiely. Let ¢y andcy bethe costbearedoy (1) in orderto obtain
informationissuedby (I) and(ll), respectiely. Let ¢y andcy bethecostbeared
by (2) in orderto obtaininformationissuedby (I) and(ll), respectrely. Finally,
let p1, pu1, P22 and py; denotethe connectionprobabilitiesbetweenfirm units
(1) and(2) andinformationsourcegl) and(ll).

In their turn, units (1) and(2) produceinformationthatis purchasedy (0).
Let po1 and pg2 denotethe probabilitiesof establishingalink from (0) to (1) and
from (0) to (2), respectiely.

Let us considerinformationsurplusU. We canignore connectiondetween
(0)and(1), (2), sincethey arethe samein bothstructuralsettings.

Following 5 and6, hierarchyandmultihierarchyyield thefollowing valuesof

20



Un = pay [%C_ﬂsl)} + P2 [%‘C;”Sz)] (13)

Umh = Pu [m] + P [M]

1+cy 1+cy
1+ (si—s1) 1+ (s — %)
+ pui [—1+Cm ] 7] [714-02 (14)

Let usignoretransactiorcosts,sincethey canbe offsetby resourcdransfers.
Thus,let usanalyzethe meaningof equationsl 3 and14 with theassumptiorthat
C1 = Cy) = Cy = Cyy andthat,in thehierarchy py = p2; = 1.

Then,it is easyto seethatUn, < Uy, i.e. thata firm hasatendeng to swith
from a hierarchicalto a multihierarchicalstructureif (s —s1) < (5 —s1) and
(s —s2) < (51 — ). Theseinequalitiescanbeinterpretedn two ways.

Thefirst oneis to remarkthatif we simplify s; ands, onbothsidestheabove
inequalitiesreduceto 5| < § ands < s, respectrely. Sincetheseinequalities
are inconsistentwith one anothey we are led to the conclusionthat for a firm
endavedwith infallible managersvho facea predictablesrvironment,hierarchy
is betterthanmultihierarchy Thus,the shift from hierarchyto multihierarchythat
took placein the 1980swasdueto greatemarket turbulence.

The secondoneis to obsene thatthe above inequalitiescould be madecom-
patible with one anotherif units (1) and (2) would be endaved with two cate-
gorieseach,onespecificfor technicalinformationandthe otherspecificfor mar

ket information. The two inequalitieswould become(s;| — s3) < (s —s1) and
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(s —4) < (811 — 2), Which couldbemadecompatibleby anappropriatechoiceof
sz andss. Althoughmathematicallyfeasible this solutionis meaninglesbecause
it implies thatthe engineersare betterat evaluatingmarket signalsthan marke-
teersare,andthat marketeersare betterat evaluatingtechnologicalpossibilities
thanengineersare.

However, it is importantto remarkthatmeaningfulchoicesof s3 ands, would
beableto softenthe stengthof thesaenequalities. Thus,if marketturbulencesug-
geststo switchto a multihierarchicalstructure potentialinefficienciesshouldbe
balancedy increasinghe capabilitiesof organizationaunits. If engeneersust
take accountof market signalsandif marketeersmusttake accountof techno-
logical constraintsthenengineershouldacquiresomemarketing capabilityand
marketeersshouldacquiresometechnicalcapability

Let usconsidernnformationprocessingluplicationV. The multihierarchyon
theright half of figure 2 duplicatesothinformationpathsof the hierarchyshowvn
in the left half of figure 2. In fact, path(l) — (1) — (0) canbe duplicatedby
(I = (2) — (0) whereagll ) — (2) — (0) canbeduplicatedby (1) — (1) — (0O).
Sincebothduplicatingpathscrossonly oneorganizationaunit, V coincideswith
V1.

Applicationof formulas7 and10yields:

1

Vo= o (Po1Pw + PozpP2ir) (15)

1
HH

Vinh= (Po1pP1l + PozP21 + PozP2ii + Po1Pui) (16)
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Letussupposehateachorganizationalinit ownsonly onecateyory stringand
issuesonly oneinformationstring. Sincecateyory stringsareownedby (0), (1)
and(2), it is H = 3. Sinceinformationstringsareproducedy (1), (1), (1) and(2)
itisH' =4.

If we assumefor simplicity that all probabilitiesare equalto one, thenwe
obtainV,, = 1/6 andVinp, = 1/3. Again, we areledto theconclusiorthatfor afirm
endavedwith infallible managersvho facea predictableernvironment,hierarchy

is betterthanmultihierarchy

5 Conclusion

This article formalized several notions pertainingto evolutionary literature on
industrial economics,ncluding knowledge and routines. Furthermore,it seta
bridgebetweerknowledge-basedndtransactiorcosts-basedheoriesof thefirm.

Application of the proposedoolsto the well-known comparisorof "Ameri-
can”and”Japanesebrganizationattylesyieldedsensibleesults.However, qual-
itatively similar resultshadbeenpreviously achiezed eitherby empiricalinvesti-
gations[27] or by meansof moretraditionalmodelg[2].

Thus, in a qualitatve comparisornof highly stylized structuresthe formulas
developedhithertohave, at most,a methodologicavalue. However, the level of
detailof themodelpresentedhereinallows empiricalevaluationof highly specific
structuresincludingexactdescriptionf circulatinginformationandits interpre-

tation by particularorganizationalunits. Sincethe bridge betweenknowledge-
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basedandtransactiorcosts-basednodelsis setata moremicroscopidevel than

the oneswheremostknowledge-basedndtransactiorcosts-basednodelsoper

ate, this model offers possibilitiesof applicationsin the field of expert systems

design.

However, oneshouldneverforgetthat— beingderivedfrom anartificial intel-

ligenceapproach— thegeneratiorof semanticss absenfrom this model. Thus,

expert systemsbasedon this model cannotgeneratanformationinterpretations

beyondthosespecifiedoy the modeller
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