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Abstract

In this paper we develop a multi-agent simulatioodel to explore the issue of learning in
interorganizational networks. Though interorgatael network researchers generally agree
that when firms form into networks they will gaiccass to new knowledge, the question of
learning beyond the firm at the boundaries betwigems or at the level of the network itself
remains less explored. We simulate the impacasi tnterdependence and relational instability
on learning in interorganizational networks compdi®f multiple disparate specialist firms. We
find that relational instability in networks slowearning and that task interdependence
moderates the impact of increasing relational bikta on network productivity rates. The
findings have significant implications for interamgzational network theory. Furthermore, the
simulation results provide insights into approm@iftm and network strategies for change.
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Simulating Learning in I nterorganizational Networks: Thelnsidious Role of Task
Interdependence and Relational Instability on System-level L earning
John E. Taylor, Raymond Levitt, and Andrei Villagto

In this paper we develop a multi-agent simulatioodei to explore the issue of learning in interoigational
networks. Interorganizational network scholarscdeg learning as an outcome of knowledge flowiAggdleyard,
1996], transferring [Mowery, Oxley, & Silverman, 98], spilling over [Uzzi & Gillespie, 2002], andfflising
[Zucker, et al., 1996] across network role inteé@awd. Implicit in this view of learning in networls the notion that
learning occurs within firms. Knowledge becomesohiect to be exchanged at the boundary betweendirads
for the edification of one firm, presumably to leeiprocated in later knowledge exchanges.

Though interorganizational network researchers gdiyeagree that when firms form into networks theil
gain access to new knowledge, the question of ileguipeyond the firm at the boundaries between fiamst the
level of the network itself remains less explorbthwery and his colleagues argue thtte' ‘learning’ that takes
place within alliances (thus) appears to be morenplex than most of the literature on this topic gesjs,
underlining the need for better definitions of leiag in theoretical discussions of alliance actifMowery,
Oxley, & Silverman, 1996: 89]. The perspective weft in our research is that the prevailing viewpoif learning
in interorganizational networks fails to capture tlearning that occurs at the boundaries betweemsfin the
network. In this paper we extend the current ustdexding of learning in networks through the depeient of a
simple multi-agent simulation model [Burton & Ob&B95] to explore the dynamics of learning withidaacross
firms in interorganizational networks.

Resear ch on Interorganizational Networ ks

Firms are increasingly adopting network forms ajamization both within [Barley, et al., 1992; Polvel al.,
2005] and across [Kanter, 1991; Pekar & Allio, 1p@dlustries. Over the last two decades a strefamasgarch has
emerged to explore the nature of these network $asfrorganization. In interorganizational networgsoups of
two or more firms work together in the interdepaemdgroduction of goods or services [Powell, 1990].
Interorganizational networks were first identifiegl Eccles [1981] where he observed relations beiveierent
specialist firms as being stable and continuous faidy long periods of time.

This new mode of economic exchange has been thecswdd a nascent but exponentially growing strezm
research. Researchers primarily focus their ingasbns on interorganizational network partneesgbn strategies
[Beckman, et al., 2004; Gulati & Gargiulo, 1999;wedl, et al., 2005] and strategies for governanc@étworks
[Jones, et al., 1997; Uzzi & Gillespie, 2002]. $bestudies have contributed meaningfully to a fullederstanding
of how firms select partners and how they adopivagt governance strategies, however, literaturéhantopic has
largely ignored the question of how networks ofmfirlearn. A number of interorganizational netwstldies
address the question of the distribution of knogte@ppleyard, 1996; Modller & Svahn, 2004; Mowe@xley, &
Silverman, 1996; Uzzi & Gillespie, 2002; Zuckerabt 1996], however, these investigations exptbeemovement
of knowledge contained in one firm to another fiand largely ignore the learning that can occur sgro
interdependent tasks at the boundaries betwees fimd, hence, learning at the level of the netwdtlrthermore,
although the network literature has focused on ainy how firms come together into networks, schdtange failed
to explore how the stability of these interorgati@al network relationships may impact learning.

Learning in Interorganizational Networks

Studies of learning in interorganizational netwonkse resulted in conflicting findings. Powell acalleagues
[1996] identified networks within the biotechnologydustry as the loci for innovation. Their argurtsewere
rooted in the fact that organizations do not contdi the knowledge that they need. Interorgaional networks
provide access to relevant knowledge not availatternally or externally for purchase. Therefavgganizing into
interorganizational networks enables firms to sleamr@ exploit asymmetries in learning. Building dexkraging an
inter-firm sharing of knowledge enabled firms inwerks to build new capabilities and outperfornmfe that were
not connected in networks. Ahuja [2000] confirméeé findings of Powell and his colleagues in theroltals
industry. He found that connectedness througlctdaed indirect ties into networks increased penfamce.

In two later papers about learning and innovatiofibtechnology and pharmaceutical networks, Powedl
his colleagues [Powell, 1998; Powell, et al., 1988jution about the difficulty of making learning rfable in
interorganizational networks. Zeller [2002] invgated the impact of developing research and dewedmt
interorganizational networks in the Swiss pharmtcabliindustry and observed a slowdown in the iratweness
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of the firms related to tendencies toward the sigadf knowledge. In other industries, the impagti@arning of
adopting the interorganizational network form ofjamization has been found to have strong negaffets.
Lampel and Shamsie [2003] found an evolutionargrettion in the ability for firms in the motion pick industry
to innovate due to issues with the accumulatioaraf sharing of knowledge. Gann and Salter [206d] Baylor
and Levitt [2004] both describe difficulties in bestrating changes associated with innovation imstraction
industry interorganizational networks. There igatly some question as to what impact the interorgdéional
network form of organization has on learning.

Task Interdependencein Interorganizational Networks

Most interorganizational network studies focus om$ that are bound by resource interdependenvi&s.
explore settings where task interdependent firmstraach learn how to implement a change interraally, in the
process, mutually adjust to changes in interorgditimal work practices. Thompson [1967: 55] defittes highest
degree of interdependence, reciprocal interdeparajers the case whereohtingency is not merely potential, for
the actions of each position in the set must bastdfl to the actions of one or more others in #1é ¥/e develop a
simulation model that examines the impact of rempl task interdependence on learning occurringhat
boundaries between firms and within each of thadiin the network to develop a more complete undeding of
learning at the level of the interorganizationaiwak.

Relational I nstability in Interorganizational Networks

Core to the concept of interorganizational netwoikghe notion of partner selection. Eccles [198d3t
identified interorganizational networks in a stuafythe Massachusetts homebuilding industry wheretserved
interdependent firms with continuous and stabletngair selection over time. Interorganizational egskers
speculate that the stability of these relationsaote a network of firms’ ability to respond to chas [Taylor &
Levitt, 2005], particularly when these changes odéolboundary objects that connect the disparateabworlds of
specialist firms in a network [Taylor, 2006]. Weathfore construct our simulation to explore theaotf stability
in network partner selection on an interorganizetlanetwork’s ability to learn. We simulate theaeing in the
context of productivity performance following a s®-level change in the network. With these syatethanges,
firms need to learn how to adapt to the change ba#mally and across the interdependent tasKsctivanect the
organizations’ work.

Simulating L ear ning in I nter organizational Networks
We develop a simple simulation that explores thepaot on learning over time when varying the
interdependence between firms in a network andsthbility of relations between firms in a networkn the
simulation we assume that learning occurs bothiwithe firm and at the task interdependent bouedanetween
firms in a network. We model the learning overdimsing the learning curve equation developed bightf1936]
in a study of the production aircraft manufactufdwe learning curve equation we use is as follows:

Productivity at Trial Period = Productivity Modifition Factor * g (-eaming Rate) * (Leaming Trial Period)

Assumed simulation values: Learning Rate = 0.8 {industry values range fror @ 0.9} and
Productivity Modification Factor = 1.5 {rate of pductivity immediately following a change requirilegrning}

In each simulation trial period we measure therlieay of each firm in the interorganizational netlwas well
as the learning that occurs across each interdepémask in order to arrive at a total productiVity the network.
In the simulation we assume that four differenetypf specialist firm roles exist in the interorgational network
(Role Type A, Type B, Type C, & Type D). We ruretbimulation both with the assumption that thereddask
interdependence between the firms and with thenagson that there is a 50% task overlap. For espe of
specialist firm, we vary the number of firms thet anembers of the network in order to simulate wvayyelational
stability. At its most stable, the network pagints always work with the same set of firms [eAg+B,+C,+D; in
all cases]. However, in a more relationally unktazenario we assume two firms could fulfill esglecialist rol&
In the simulation we vary the relational stabilipm one firm fulfilling each specialist role (higtelational

! There would be an equal probability among sixtdtsr@ative network compositions;+B;+C;+D; A;+B,+Ci+D;
A+By+CotDy Ar+B1+Co+Dy AptBi+Ci+Dy Ax+Bo+Cr+Dy AptByt+CotDy Ax+Bi+CotDy, Ar+Bi+Ci+D, Ag+By+Ci+Dy,
A+Bo+Cy+Dy A +B1+Cy+ Dy Ag+Bi+Ci+D; Ax+Bo+Ci+Dy Ap+Bo+CotDy and A+By+CytD;
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stability) to nine firms fulfilling each specialistle (high relational instability). We advancesthumber of firms
per role in increments of two (i.e., 1,3,5, 7% 9
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<A, Interdependent Task Overlap = 0% < B. Interdependent Task Overlap = 50%
Figure 1. Interorganizational Network Simulated L ear ning Outcomes (Nor malized to 1.0)

Figures 1A and 1B above illustrate the resultdhefdimulation using the assumed factor values anges. We
ran the simulation for a total of 50 projects fack permutation of factors. Each project trialigebmprovided a
learning opportunity for each firm selected to ggphte in the project instantiation of the networkhe reported
values in the figures above were based on the potaluctivity for all firms participating in the gject and then
normalized to 1.0 in order to make the simulatiesutts comparable. We plot the results of the kitimn on two
separate charts; one for no task interdependert®raa for 50% task interdependent overlap betwearsf We
observe that the scenario of stable networks irpteeence or absence of task interdependence m®the fastest
learning rates for the network. Networks with dthout interdependent tasks achieved pre-changeuptivity
rates by the fourth project. This network learningve is consistent with normal firm-level leampiourves and is
illustrated in both Figure 1A and 1B as a blackpsthly curving line.

When relational instability increases, the netwledens more slowly as is evidenced by learning €siim both
Figures 1A and 1B. In the absence of task intexddpnce (in Figure 1A), selecting from among tHnees per
role delayed achievement of pre-change productfuityn four to eleven projects. In relationally tadsle networks
where firms are selected from among nine firmsrpks, the network does not achieve its pre-chamgdyztivity
until the thirty-third project. If each project feree months in duration —an extremely short domator a drug
development, building development, or software ttgy@ent project— and projects are completed sedaligntit
will take the network over eight years to achieigepre-change productivity rate. This far excetbdsreasonable
duration most firms, and presumably networks ahéy would be willing to wait for a productivity imgvement
after investing in a technological change.

When the relational instability is combined witlskanterdependence, networks of firms produce elewer
learning curves. These two factors combine to preda synergistic negative effect on productiviBecause the
presence or lack of task interdependence has nadtgn productivity rates in relationally stablewnerks, task
interdependence can be said to moderate the imgfactlational instability on learning rates. Th#eet of
increasing relational instability in the presendetask interdependence significantly worsens leancurve
performance. In the case of networks comprisethde firms per role, the time required to reacé-grange
productivity extends from eleven projects to twetwp projects. In the cases of networks comprisfeseven firms
per role and nine firms per role, the productivigver achieves pre-change productivity over theseof the fifty
simulated projects.
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Modd Validation

According to Burton and Obel [1995], the degreealfdation required is determined by the degreeeafism
of the model and the model’s purpose. The purpdsaur simulation was to extend interorganizationetwork
learning theory using a simple intellective simidatmodel with a small number of parameters. Adoay to
Carley [1996], the lack of detail increases theggalizability of the simulation and is thereforeviiith our purpose
of extending interorganizational learning theorg am simultaneously a balanced approach [Burtonhb®I(1995].
The simple model is sufficent to demonstrate; (iattexisting theories of interorganizational leagiare
incomplete since they don’t consider the impact tafk interdependence and relational instability on
interorganizational learning and (2) that taskrdépendence and relational instability have ardinas impact on
learning at the level of the interorganizationaiwark.

We grounded our simulation [Carley, 1996] in es&didd learning curve theory, thereby increasingrternal
validity of the simulation. We did extend the wawgrning curve formulas are typically used from ith@ividual or
organizational level to the interorganizationaldeand, in doing so, made assumptions that thaileathat occurs
in interdependent tasks at the boundaries betwiems bccurs at the same rate as learning wouldrosithin an
individual or firm. With regards to external vatig of the simulation model, we identified in preus empirical
research how systemic changes resulted in mord mpductivity gains in relationally stable integanizational
networks than relationally unstable networks [Day Levitt, 2004; Taylor & Levitt, 2005]. The suation does
not reproduce/emulate [Thomsen, et al., 2003] thanges observed in the two aforementioned empirical
investigations. However, the simulation does aahiéace and pattern validity [Carley, 1996] since bioth
empirical investigations relational instability teéo slower productivity gains, more difficult ingshentation, and
slower diffusion for innovations requiring systentbanges to the network. These findings were eostly
observed in structural building material innovatommong carpenters, plumbers, electricians, mecélani
contractors [Taylor & Levitt, 2004] and three-dins@nal computer-aided design tool innovations amemeditects,
structural engineers, contractors, and fabricdftaglor & Levitt, 2005].

Limitations
The computational simulation model developed fds tlesearch was necessarily simple. However, éutur

research using the simulation model should addsesgral important limitations. In the simulatiamly one
project can be executed at any given time. Asaltigfirms that are not working on a simulatedjpcbdo not have
the opportunity to learn on other projects. Inlitgamultiple projects would occur simultaneousind lead to
issues of allocation (e.g., firms may have limitedources to participate on multiple projects) antll-up (e.g.,
firms might take advantage of relational stabilitythe network to increase pricing due to relatfopsspecific
investments in learning). Including these issaefiiure iterations of the simulation will increabe richness of the
output. An important limitation of our simulatias that it focuses uniquely on task learning andsdoot allow
firms to exploit knowledge asymmetries across omgions (as identified by Powell and his colleag{996] and
Ahuja [2000]). Future developments of this simislatmodel should include the possibility for firtslearn new
approaches from each other.

Discussion

Our simulation demonstrates how firms in an intgamizational network adapt to the introduction barges
in work both within and across task interdependaeganizations. In doing so we confirm the findimg Mowery
and his colleagues thathe ‘learning’ that takes place within alliances(s) appears to be more complex than most
of the literature on this topic suggesf&996: 89]. When interdependent firms in inteyanizational networks are
faced with the challenge of learning at the leviethe network, our simulation suggests that thegusth identify
ways to decrease task interdependencies (e.g., lartmutasks) and develop more stable partnersimpthe
network. Networks of firms failing to reduce tasiterdependencies and stabilize partnerships wilfdzed with
protracted learning curves as a result. If a netwo industry that adopts the network form of engation is faced
with changes and can not change interdependencipartmership strategies as a result (e.g., dugedalations,
external decision authorities, or inertia), themr simulation suggests that it may be a wise degidar those
networks to avoid change. This provides some eégbian as to why some interorganizational netwartkotars
find certain mature industries to be experiencingevolutionary stagnation” [Lampel & Shamsie, 202306].

Our simulation model improves the current theosttianderstanding of learning in interorganizational
networks. We identify a bipartite negagive impact system-level learning when network role reladiare
unstable and task interdependence exists betwees.fi Furthermore, we conclude that task interdépece
moderates the impact of relational instability ooductivity performance. The results of this siatign provide
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some resolution to an on-going debate in the liteea on interorganizational networks regarding réay
performance. This study suggests that the learmiagormance of a network of firms depends on the
interdependence of tasks and the relational stabiff the network. Scholars identifying networks keing
favorable toward learning tend to investigate reseuinterdependent, relationally stable networksy.(e
biotechnology [Powell, 1996] and chemicals [Ahg#00]). Whereas scholars identifying networks amd a
liability to learning tend to investigate task irdependent, relationally unstable networks (e.gtion picture
[Lampel & Shamsie, 2003] and construction [Gannait&, 2000; Taylor & Levitt, 2004; Taylor & Levjt2005]).
The simulation model elaborated in this paper acnodates these divergent perspectives for netwanieg.
The degree to which adopting a network form of oigation enhances or detracts from learning dependssk
interdependent learning and the effects of relafiorstability.
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