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INTRODUCTION
For some time, scholars have suggested that exwplesearch can play an important

role in management theory generally (Simon, 196hje&ve & Allen, 1982; Ulrich & Probst,
1984; Weick, 1977; Anderson, 1999; McKelvey, 199%ad more specifically in explaining the
dynamics of organizational change and adaptatiete(s/, 1981; Bigelow, 1982; Goldstein,
1986; Nonaka, 1988; Smith & Gemmill, 1991; Carley&etula, 1994). Complexity-inspired
research papers have appeared in virtually alh®tap journals in management, reflecting an
increasing ability for researchers to integrateitisgghts from these methods into mainstream
organization theory (McKelvey, 2004b; Siggelkow &Kn, 2006; Plowman et al., 2007).

Leadership scholars have also been recognizingdtential value of complexity
frameworks for exploring and explaining the inténae generative, and emergent nature of
leadership properties and processes (Guastell®@; M&ion & Uhl-Bien, 2001; Uhl-Bien,
Marion, & McKelvey, in press)). Complexity modelad methods may be particularly valuable
for studying the multi-level properties, multi-diteonal causalities, non-linearities, positive
feedbacks, and path dependent processes thatasasmgly important in explaining leadership
in dynamic contexts (Lichtenstein et al., 2007 vR®t@an et al., in press). Additionally,
complexity provides a framework for understandidgative order, innovation and emergence,
issues that are becoming more central to leadesshiplarship (Rivkin, 2000; Garud,
Kumaraswamy, & Sambamurthy, 2006; Plowman etrabress). These prospects have led to
two recent special issues on Leadership and CortyplEReory, inThe Leadership Quarterly,
andEmergence: Complexity and Organization, as well as two edited books — the present
volume, and a companion volume edited by Uhl-Beid Blarion (in press).

One challenge with this stream of research isittfttws on a diverse range of models

and wide number of approaches which, though diffieiremany ways, all seem to fall under the



banner of “complexity.” This confusion is incredsghen more popular and ‘metaphorical’
accounts of complexity are added to the mix (seaglre & McKelvey, 1999). Early
enthusiasm about complexity sparked a proliferatopopular managerial articles and books
that utilize complexity models to explain everythiinom strategy formation (Beinhocker, 1999;
Stacy, 1992) to management practice (Lissack & Rb®39; Wheatley & Kellner-Rogers,
1996); from product development (Brown & Eisenhat®98) to organizational development
(Goldstein, 1994). This diversity in topic and irttmod is matched by differing expectations
about how complexity should be understood. Sontleoas! think of complexity as a science
(Dent, 1999), others see it as a theory (Ander$889), and others consider it “collection of
results, models, and methods” (Cohen, 1999: 3%6)ne place its origin in the European
research of llya Prigogine (McKelvey, 2004a), othargue that complexity was formulated by
scholars from the Santa Fe Institute (Waldrop, 198@me mark its beginnings in the
mathematics of deterministic chaos (Gleick, 198&u#man, 1993), while others locate its
source in cybernetics, dynamic systems modeling saon (Capra, 1996; Goldstein, 2000).
What is the essence of this diverse stream of texitp research, and should complexity
be utilized to study leadership? More specificaligw can the multiple approaches to
complexity be organized into a framework that woalldw leadership scholars to match the
right approach with the particular question they asking (Davis, Eisenhardt, & Bingham,
2007)? In this brief review article | will offeme answer to these questions. | start by affigmin
the idea that “emergence” is the core issue whitdgrates the research being placed under the
complexity banner (McKelvey, 2004). Next | ouditwo dimensions that can help organize the
range of methods being utilized by complexity reskers. One dimension reflects the type of

emergence being studied, and the other dimensilatt®the levels of emergence being



explored. Together these dimensions generatecdotyy — the matrix — that distinguishes 14
distinct complexity approaches. | then show howsheat these approaches can support the
development and testing of a complexity-based lestuiie theory. Finally | argue that the more
self-conscious we can be about the nature of contplesearch, the more likely it is that
complexity will strengthen our academic scholarshagher than continue to degenerate into a

fad (McKelvey, 1999a).

BRIEF HISTORY AND A DEFINITION OF COMPLEXITY RESEAR CH

Research underlying what is being called “compyéxas existed for many decades.

Its origins according to some complexity scholaesia Prigogine’s research on “dissipative
structures,” which explains how regimes of ordaneanto being and retain their form amidst a
constant dissipation of energy and resources (g§ingo 1955; Prigogine & Stengers, 1984;
Lichtenstein, 2000a). This idea became popularizede 1960s and 1970s as general systems
theory (von Bertalanffy, 1968; Miller, 1978) andempsystems (Kast and Rosenzweig, 1972),
whose applications were foundational to organirasicience (Lawrence and Lorsch, 1967,
Thompson, 1967; cf. Ashmos and Huber, 1987).

During this same early period researchers in & watiety of fields were experimenting
with non-linear models of dynamic systems. Sewverabr schools of thought were born of
these explorations, including: cybernetics (Weidé#48/1961), system dynamics (Forrester,
1961; Maruyama, 1963), computational genetic algors (Neumann, 1966), dissipative self-
organization (Prigogine and Glansdorff, 1971), ctex@mdaptive systems (Holland, 1975),
deterministic chaos theory (May, 1976), catastrapkery (Zeeman, 1977), synergetics (Haken,

1977), autopoiesis (Maturana and Varela, 1980) faaudals (Mandelbrot, 1983). With Gleick’s



(1987) best-selling book many of these approackearhe known as “chaos” theories. Some
years later Lewin (1992) and Waldrop (1992) desatia new synthesis of these models, based
on research coming out of the Santa Fe InstitAtehat point, “complexity” became the buzz
word, referring to a well-received set of studissig computational agents (Cowan, Pines, &
Meltzer, 1994; Holland, 1995; Kauffman, 1993), akdl automata (Axelrod & Bennett, 1993;
Krugman, 1996) and other agent-based simulatioad€¢, 1995, 1999) to understand
emergence in new ways. (See Goldstein, 1999, ROGDcomplementary overview of the
origins and elaboration of complexity.)

Each complexity theorist tends to specialize ia ontwo disciplinary methods for
studying complex dynamical systems — this explaihg complexity research appears so
diverse. A key goal of this article is to connant begin to integrate these various approaches,
with an eye toward developing a more compreherankuseful leadership theory based on
complex systems. An overview of the breadth oféhdisciplinary approaches is presented in
Table 1. The table is based on classic and resamviews and summary accounts by Gleick
(1987), Lewin (1992), Waldrop (1992), Casti (1992pwan, Pines & Meltzer (1994), Goerner
(1994), Guastello (1995), Capra (1996), Elliott 8&K(1996), Dooley (1997), Eve, Horsfall &
Lee (1997), Anderson, et al., (1999); Goldste®9d; 2000), Marion (1999), McKelvey (1999a,
1999b, 2004a, 2004b), and Davis, et al. (2007);raymodhers. Undoubtedly some scholars will
disagree with the categorizations and brief desonp of these disciplinary approaches; this list
should properly be thought of as an evolving framdwa complex adaptive system) that will
change based on feedback from readers like yourblg¥ertheless, this table does provide a

starting point for bounding complexity research.

Please See Table PPlace about here



The goal of this paper is not to provide yet aaothtroduction to each of the disciplines
— the summaries that were used to develop Exhita &n excellent job of accomplishing this
task. Instead, our goal is to identify the essarfdhese research streams, and organize them in
a way that can support researchers in testing plesnsystems leadership theory. Each of these
14 disciplines of complexity explores the condispproperties, or processes of emergence in
dynamic, complex systems, and they do it in difiésgays. Before describing these ways, |
provide one definition of emergence.

At its essence, complexity researchers are pnogidew ways to understahdw and
why order emerged.ichtenstein, 2000b; McKelvey, 2001, 2004a). Fallyn emergence has
been defined in terms of “qualitative novelty” (li1992; Newman, 1996; Popper, 1926);
emergence scholars focus on the creation of cohstreictures in a dynamic system (Goldstein,
1999; 2000; Holland, 1994). When these emergenttsires are different ‘in kind’ from the
elements that compose them — when a new “leveirdér has come into being, or a pattern of
activity can be discerned that in some wayscends but includdbe elements of the system,
emergence can be said to have occurred. Thusgen is a process by which “...patterns or
global-level structures arise from interactive ldeael processes. ...[The] combination of
elements with one another brings with it somethivad was not there before” (Mead, 1932: 641;
in Mihata, 1997: 31).

Leaders routinely put enormous effort into suppgrthe emergence of higher-order
structures in their organizations, and identifyargl amplifying self-organizing patterns or
structures that shift the nature of the organirsaitiosome way (Buckle-Hennings & Dugan, this

volume). In addition, leaders themselves sometinee®me identified through emergent



processes (Guastello, 1998), and emergent eventdtan catalyzed by leadership activities
originating from throughout the organization, irdilg from senior managers (Plowman et al.,
in press). These dynamics and efforts have bedearstood and explained in a variety of
different ways (e.qg. Lichtenstein et al., 2007; yadillhiser & Solow, this volume; Goldstein,
this volume). Why this variety? Beyond the obwdaacognition that each research study
explores slightly different phenomena using a défe base of data, in each case the choice of
complexity method itself comes with a set of asstiwng that enable and constrain the insights
which may be gained.

As Davis et al. (2007: 285) expressed for a lichgabset of complexity models: “In fact,
the choice of simulation approach may be closehtsing a theoretical framework...because
of its framing of research questions, key assumptiand theoretical logic.” Thus, one goal is to
provide a framework for understanding the breadithoices fully available to leadership

scholars who are developing your own study of Cex@ystems Leadership Theory.

TWO DIMENSIONS OF EMERGENCE
Each of the complexity disciplines listed in Talhlexplores and explains emergence in
ways that crucially depend on a series of assumpt@md goals which usually are unexamined.
These fourteen disciplines reflect the entire speciof approaches that in any way refer to
“complexity.” Furthermore, rather than simply stiing of models, | aim to differentiate the 14
complexity disciplines according to (1) the typesafiergence they produce (Crutchfield, 1994),
and (2) levels or units of emergence they can captlihese two dimensions together generate a

typology of emergence disciplines (see Table 2)ckvban help leadership scholars find the



appropriate method for theory building and empilrieating. This typology is what | mean by a
matrix of complexity.
Three Types of Emergence

The first dimension is presented by Crutchfielél94), who distinguishes complexity
theories according to the aspect or quality of g@ece each seeks to explain: tiecovery of
emergencethemodeling of emergencgeorintrinsic emergence The first type refers to the
discoverythat something new has appeared in a complexmay3teis something could be a
pattern, a degree of order, or a structure. Hrao@ysis or deterministic chaos theory fit into
this category, for they both have been usedigooverorder across multiple scales or in
apparently random time series. Chaos theory has bged to identify periods of nonlinear
interaction across a set of common factors in iy stages of two innovation ventures (Cheng
and Van de Ven, 1996), and the distributions oflwmhavior in public service organizations
(Kiel, 1994). The discovery of order at this leigin the eye of an observer: “Surely, the system
state doesn’t know its behavior is unpredictabl&'ufchfield, 1994: 517). Thus, theories at this
level usually involve post-hoc analysis of timeisgthat are “objectively” separate from the
researcher.

The second type refers to thi@delingof emergence, in which computational or
mathematical systems are developed to represetensysnergence. This level refers to
research streams that have deduced rules or hesifistm simple systems and used them to
develop modeling contexts in which order emerges time. For example, Kauffman’s (1993)
“NK landscapes” have been used to model the ohddrdan emerge in co-evolutionary niches
(Baum, 1999) or through firm strategies (RivkinD@Q Using different computational methods,

system dynamics has been used to model the unexbectcomes of strategic decisions in



complex systems (Hall, 1976) and of theoreticaliagdions in complex theories (Sastry, 1997).
Other examples of this level include self-organiggticality, which has been used to model the
behavior of stock markets (Bak, 1996), and catpbdheory, which has been used to model
discontinuities in organizational behavior (Gudetel995), strategic change (Gresov, Haveman
and Oliva, 1993) and organizational transforma{Bigelow, 1982; Brown, 1995). In this
context, theorists are more involved in the emerggmocess, as they identify rules and
mathematical relationships that are used to (coatimnally) recreate emergent processes in
complex systems.

Crutchfield’s final type isintrinsic emergence,’in which the increased capabilities
generated by the system’s emergence can be capdain by the system itself, lending
additional functionality to the system (1994: 518).a sense, rather than a description of or
model about emergence, in intrinsic emergencedbsérver” is a part of the system, and thus
“has the requisite information processing capabiliith which to take advantage of the
emergent patterns.” Behavioral descriptions ofsfitiative structures” (Smith & Gemmill, 1991;
Browning, Beyer, & Shetler, 1995; Leifer, 1989; hienstein, 2000a) fall into this category; as
do a class of agent-based modeling approachesiagmalgents fundamentally extend their
behavioral capabilities by learning over time (&@dlnn, 1994; Macready and Meyer, 1999;

Carley & Svoboda, 1996).

Three Levels of Emergence

The second dimension refers to keels of emergendlat each method can usefully

capture. The notion of “levels” has a long historgystems theory, where early researches
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identified a relatively coherent and common seatedted hierarchical levels that composed
organisms, organizations, and societies e.g. (\vemakanffy, 1968; Boulding, 1978; Miller,
1978; Salthe, 1985). Management scholars haverkragnized the importance of levels of
analysis in describing organizations (Kast & Rosexig, 1972; Rosen, 1974; Ashmos & Huber,
1987), and in grappling with the challenges of daimulti-level research (Rousseau, 1985;
Dansereau, Yammarino, & Kohles, 1999; Davidsson &livid, 2001). These challenges have
led to limitations in our understanding of emergenn entrepreneurship, for example, where
emergence is recognized to be a central topic lEesmthan 0.05% of top tier articles over a 10-
year period utilized both multi-level and non-regective longitudinal designs (Chandler &
Lyon, 2001).

Examining more than a single level of analysisnglicit in the long-standing definition
of emergence as “qualitative novelty,” which refers shift in kind or type. This is exemplified
in Mead’s early characterization of emergence imgeof “...patterns or global-level structures
[that] arise from interactive local-level process@dead, 1932 in Mihata, 1997: 31). Based on
this definition, the minimal exploration of emergernis the observation ofpattern withina
single level of system interactions. For examplanagement researchers have used
deterministic chaos theory to identify emergingesrdiithin organizational change processes
(Dooley & Van de Ven, 1999) and organizational giahares (Kiel, 1994). Likewise,
catastrophe theory has been used to identify chpoiges and the dynamics of hysteresis in
organizational transformations of all kinds (Big&|dl982; Guastello, 1995; Guastello, 1998).
Similarly, computational studies using cellularauata and NK landscapes have detailed the
processes whereby a new system-wide order emeng®$ agent interactions, leading to

intriguing findings around innovation systems (fRieg & Sorenson, 2001), economic
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geography (Sorenson & Audia, 2000), and strategioing (Garud & Van de Ven, 2002,
Siggelkow et al., 2006). Many other examples aoxided in the summaries by Sorenson (2002)
and Maguire and his colleagues (Maguire, McKehMiyabeau, & Oztas, 2006).

A different set of methods highlight the novel dymics that can arise out the interactions
of agents in a system, thus focusingwn levels of system activitjYlore than an emergent
pattern or structure that can be discerned witlapstéem, these disciplines explore and explain
how and when a new dynamic or level of order “a&’is®it of a system’s lower-level
components. For example, synergetics (Haken, 18ff&is a unique framework for examining
“self-organized” patterns of activity that ariseatigh the “enslavement” of system components
to a higher-order resonance (Haken, 1984; BusH#®4)L Separately, genetic algorithms are a
tool for modeling the evolutionary learning of a®m through unique combinations of system
elements (traits) that generate a new dynamic withe system itself (Holland, 1998). In a
different way, dissipative structures has been tsexplain the emergence of new, coherent
structures in a system (Leifer, 1989) which candfarm its functionality and organizing
capacity (Nonaka, 1994; Lichtenstein, 2000a).

Third, some complexity methods have been ablepbucemultiple levels of activity,
which allow researchers to understand some of ikdenlying mechanisms of emergence in
organizations. For example, power law analyseg lshewn how a systemic process or dynamic
can generate multiple interdependent levels ofraadeoss organizations (Stanley, et al., 1996)
and throughout social systems (Carniero, 1970)emdpased modeling explains how agent
interactions develop these interdependent levedsrargent order (Malerba, Nelson, Orsenigo,
& Winter, 1999), and some multi-agent leaning megebvide evidence that three or more

levels of emergent hierarchy can self-organizemgibe right conditions (Carley, 1990, 1999);

12



(cf. McKelvey & Lichtenstein this volume). Finalgmergent evolution shows how self-
organized evolutionary processes can explain thadth of development in biological (Weber &
Depew, 1990) and social systems (Adams, 1988; §heyer & Hench, 2004); and even more
significantly, how the self-organization of a systes in some measure a reflection of the
capacities of the leaders within that system (WilB801; Rooke & Torbert, 2005).

These two dimensions provide a matrix of compleajproaches, each of which can be
classified as one of the “sciences” of complex@@pljen, 1999). Next, | briefly suggest how
each of these streams of complexity can be useglore the dynamics of leadership from a

complex systems perspective.

COMPLEXITY MODELS FOR LEADERSHIP

Advances in complexity science may help provigeueh needed theoretical footing for
leadership research. Many of the key processésadership—emergent processes, adaptation
on multiple levels, dynamic feedback loops, mutuafiusal flows of knowledge across
boundaries—are at the core of several complexggiplines. More importantly, the essential
outcome of Complex Systems Leadership Theory —tergpadaptive change through the
interactions within and between all levels of origational and environmental interactions —
can be framed in terms of emergence, i.e. the apnito-being of “macro patterns that depend
on [continuously] shifting micro patterns” (Hollant©998: 7). Emergence is a multi-dimensional
feature and quality of systems; each disciplineashplexity provides a unique view on the

dynamics that reflect or generate emergent prosesse
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Discovering Order

Deterministic Chaos Theorythe new models of Complex Systems Leadership Theor

focus on how leadership is enacted thorough intierasacross an organizational system
(Marion & Uhl-Bein, 2001). In most cases theseiattions reflect and generate patterns of
activity — a configuration of behaviors or moddiattare coherent over time (Dooley & Van de
Ven, 1999). Although these patterns may appea&hasiic on the surface, in fact they may be
highly structured if mathematically complicated egent processes which can only be discerned
using tools like deterministic chaos theory (Bake®Bollub, 1996; Sulis & Combs, 1996). In a
formal sense, mathematical tools like Lyapunov egpts, embedding dimensions and attractor
reconstructions allow skilled researchers to rigstp identify these patterns amidst time series
with at least 50 distinct data points (Guastel@93). Leadership scholars could use this
framework to distinguish and detect even subtléepas of interaction within a range of
organizational interactions (e.g. Buckle-Hennin@&gan, this volume); or to identify specific
bifurcation points in a significant system-widefsbf activity regimes (Cheng & Van de Ven,
1996). In an informal sense, leadership and orgéional researchers have developed a
metaphorical understanding of “complex attract@’aaconfiguration of activity over time
(Marion, 1999). Identifying such configurationsdamacking how they change may provide
insight into how system-wide interactions influert&nges in organizational behavior, while
also reflecting path dependency and historical eldbeness leadership properties in the firm.

Catastrophe TheoryA different set of mathematical tools is helpfulexplaining the

transitions between one regime of stability (or@ewl a second or third regime, particularly
when the shift from the one to the other is norénental. Thom (1975) and Zeeman (1977)

developed a series of equations now knowoadastrophe theor{Guastello, 1995which
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describe system-wide, “catastrophic changes” imoizational behavior (Bigelow, 1982) and
strategic design (Gresov, Haveman, & Oliva, 1993)astello (1998) used a four-dimensional
model from catastrophe theory to describe threesyys leaders that emerged in a series of four-
person task groups; his “swallowtail” equation te=iiin an R of .9993 (with all variables
significant at the .05 level). These results wemdicated in a cross-cultural test using the same
experimental conditions and a similar sample (Z&&uastello, 2000), suggesting that the
emergence of leadership qualities may be a gualitige internal dynamics of the system itself,
rather than due solely to environmental or contaixtues. Catastrophe is thus an excellent
approach for identifying the rapid or discontinu@msergence of leadership qualities in a range
of situations.

System DynamicsA critical part of explaining interactions betweand across levels is

the feedback loops that are involved. “The godéatlership inquiry is understanding how the
structure of direct interactions and feedback witbriganization-environment systems give rise
to their dynamic behavior” (Baum and Singh, 19980)3 These bi-directional influencing
processes are a central property of leadershipmaseandgystem dynamigsrovides a powerful
means for modeling the non-linearities of theseatpesfeedback systems. System dynamics
forces researchers to carefully identify each feelllprocess within an entire system (Sastry,
1997); the rule-based computational model can tdudden interdependencies and emergent
characteristics that are not tractable using litkeaking (Hall, 1976). The value of system
dynamics for leadership is illustrated in Rudolpid &epenning’s (2002) analysis of system-
wide forces — in this case an accumulation of nomaal events — that can overwhelm the

processing capacity of even the most effective ggand their leaders.
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Self-Organized Criticality A different approach for modeling a dynamic systeat

evolves to a adaptive but stable state was develop®ak and Chen (1991; Bak, 1996). The
paradigm for their model is the well-known “san@pitonsisting of a stream of sand
(representing any ongoing input to the system) pirgponto a plate with fixed diameter
(representing a specific capacity that the systamreach). Once the sandpile has reached a
specific size it will remain dynamically in a pretible range, exhibiting mostly small changes
(avalanches) interspersed with a few large-scalestormative shifts (Bak, 1996). For example,
Gunz, Lichtenstein & Long (2002) studied vacancgioh in three organizations and found that,
as predicted by the model s¢lf-organized criticality [SOClthe size and frequency of vacancy
chains followed the signature form of a power |8&K and Chen, 1991). In this self-organized
state large scale transformative changes are vanedomal (Gunz et al., 2002); thus leadership
scholars could utiliz&0Cas a diagnostic tool for identifying how closeiat@raction system is
to reaching that dynamic, self-organized state,leowd the system might be “tuned” through
shifts in the system conditions (i.e. in the ‘diaeneof the sandpile).

Fractals. Just as SOC identifies patterns of behavior withgystemfractal
mathematics allows for a careful mapping of susiteilarities across multiple system levels
(Mandelbrot, 1983) These tools offer a framework for studying “selagarity across scales” —
patterns and dynamics that repeat themselves aifisp@ays as one extends outward from
simple to increasingly encompassing systems. dppsoach has been used, for example, for
exploring how change occurs in similar ways atititividual-, group-, departmental- and
whole-organizational-level of analysis (Zimmermar&rst, 1993); and more recently for
determining the efficacy of a company’s informattenhnology by exploring the “continued

coherence” between organizational activities anddpabilities across levels (Dhillon & Fabian,
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2005). Such an approach is ideal for identifyifgal arenas in an organization display the
characteristics of complex leadership versus afredisare less vibrant in those qualities,
providing a unique tool for diagnosis and follow-afpnew leadership programs.

Power Laws. A more formal approach for examining cross-lewatgrns of interaction
is based on a simple but powerful premise: cedaimerative mechanisms of self-organization
are scale-free — i.e. they operate across mulbbiglers of magnitude or system levels (McKelvey
& Andriani, 2005). These scale-free dynamics camdadily discerned (and predicted) by
charting their outcomes according to a simple fdamwhich is described by an inverse power
law (McKelvey, 2006). For example, Stanley andduleagues (Stanley et al., 1996) find that a
single scaling law accounts for the relationshiween growth rates and internal structure of
U.S. manufacturing companies between 1975 and E9ass more than seven orders of
magnitude (i.e. from companies with 10 employeabdse with more than 100,000!).
Similarly, Carneiro (1987)found a distinct genaratmechanism that accounts for the growth
dynamics of native villages regardless of sizeegian. Power laws thus reflect generative

dynamics at multiple levels, a key quality of CS{LIchtenstein et al., 2007).

Modeling Emergent Order

Over the past two decades several sophisticategutational methods have developed
that allow researchers to develop dynamic modetsradrgence processes and test them in
highly controlled and repeatable ways. These nsoidelude a small number of specific
research streams: cellular automata (Krugman,)]1986 landscape models (Kauffman, 1993),
Genetic Algorithms (Holland, 1995), and combinasiar several approaches found in agent-

based modeling (Carley, 1999; Malerba et al., 1998)search studies within each stream
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encompass a range of capability, e.g. some gealgticithm studies show the emergence of one
new level of order from agent interactions, whilbeys suggest the emergence of two or more
levels of order. On average, however — and fostle of simplicity — these streams may be
provisionally categorized within a specific ce¥ou the reader may disagree, and | welcome
your expertise and interaction on these specifitsage e-mail me at

benymain.bml@gmail.com The more learning we can do together the mkedylwe all will

gain success in our efforts to build a scienceoafexity for leadership and management.

Cellular automata.Early computational approaches explored what happdren a set

of agents situated in a linear or a 2-dimensioratrimevolves based on the decisions of its
(nearest) neighbors (e.g. Schelling, 1978). hdwut that even small initial differences in
preferences or traits tend to aggregate, leadiagcnsistent degree of order across the system.
Although technically this order is expressed astle pattern within the system, some
advanced applications have interpreted this eméggdtern to represent a new level. For
example, economist Krugman (1996) uses a simple@ication of spatial modeling, to ask
why “edge cities” form, and whether their distrilout can be explained through a power law. He
finds that randomly dispersed business activitidisalways evolve into highly ordered edge
cities that are ontologically distinct from theomponent businessegxelrod and Bennett
(1993), using a “spin-glass” type CA landscape rhtmstudy group formation; applying the
model to 1939 data, they accurately predict thédipal alliance formation of all but one nation
during WWIL.

This approach could augment leadership researexdyining the relationship between
individual agent moves (e.g. initiating a projesmd the responses of that agent’s immediate

neighbors. Such studies might find how local reaxgito emergent change processes can either
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catalyze or inhibit a good idea from diffusing sessfully, and thus how the quality of emergent
leadership crucially depends on spatial effectsiash as internal networks, power dynamics,
and so on.

NK Landscapes. By specifying two additional parameters to the tasilular automata

computational system, Kauffman (1993) developegradhic modeling tool that shows how
internal structures can emerge in a system thrthgladaptive changes of its component agents.
In this approach each cell is an agent Wttraits or attributes that can change over timeé. A
every time step each agent draws from its nearlghbers a combination of attributes which
appear to be most adaptive in the local neighbathdaverall, agents' attributes are
interdependentk), such that the higher theéthe more a change in one attribute will effect
changes in other attributes. After a short numlb@eaations an internal structure emerges in the
landscape, reflecting those combinations of atteibihat are most and least adaptive relative to
all others. As ‘everyone’ knows, the degree ofeoiid the overall landscape crucially depends
on the level oK, the degree of interdependence across the systanif(kan, 1993). The
general insight is that some measure of connecssdmings the entire system to a higher level
of fithess and adaptability, but too much interaaetion can lock the system into a “catastrophe”
of interdependence (Sorenson, 1997; McKelvey, 1p99c

One exemplary use of titNK model for studying Type 1 emergence is Fleming and
Sorenson’s (2001) study of technological inventidmeating invention as a re-combination of
existing components in a given field, they show tha usefulness of an invention (measured as
the 6-year citation count) “...can be maximized bykirmy with a large number of components

that interact to an intermediate degree” (Flemin§d&enson, 2001: 1025). Other management

scholars have utilized th¢K model to study the adaptiveness of strategiesdynamic industry
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(McKelvey, 1999; Sorenson, 1997), the corporatégperance contribution of cognitive vs.
experiential learning (Gavetti and Levinthal, 20@&vetti, Levinthal & Rivkin, 2005) and the
ways that organizational design and decision-magiffert organizational outcomes (Rivkin &
Siggelkow, 2003; Siggelkow & Rivkin, 2005).

There is not actually very much emergence, pengbeNK model (Lichtenstein &
McKelvey, 2005). For the most part, self-organiaatis limited to agent connections (networks)
with nearest neighbors. In this respect nidistmodels detail how patterns emerge within a
specific system; Level 1 Emergence, with the cdploif advancing into Level 2 Emergence.
According to recent reviews (Eisenhardt & Bhati@)2, Maguire et al., 2006), the vast majority
of complexity studies utiliz&lK models and other computational experiments to dmow
emergent networks materialize within and acrossptexnadaptive systems. At the same time,
complexity leadership scholars can gain insighd the optimal combination of qualities
(number and degree of interdependence) that cardrgte an ecology of innovation in a firm
(Surie & Hazy, 2007), or to explore which and hoany specific leadership “moves” (micro-
processes or interventions) lead to successfuhargtonal changes.

Genetic AlgorithmsAn important advance in modeling emergence octumigh the

use of genetic algorithms, invented by Holland &,91095). In the computational models
identified up to here, agents have the capacightmge their attributes over time — they can
learn (Carley and Hill, 2000), innovate new progué&tleming & Sorenson, 2001), and develop
new strategies (Gavetti et al., 2005; ) — yet thegessarily interact according to rules that are
programmed into the system. In contrast, genegiordhms (GAs) allow agents with multiple
rules to change the rule strings governing theiaber (Macy & Skvoretz, 1998). As agents in

horizontal networks co-evolve toward improved adaptapability, differentiated groups
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emerge; soon thereafter group norms also solidifglland (1998: 190-191) describes how
aggregates of new rules can represent “macro-latva™higher “level” of order:

Just what is a new level incgp? The answer turns on one of the basic properties

of a cgp: the possibility of combining mechanisms to makenare complex

mechanism. ... the resulting composite [is] subassethiat can be used to form

still more complex mechanisms. ...We have moved wplevel of description.

GAs have been applied in a range of models. kamele, Paul, Butler, Pearlson &
Whinston, (1996) examine the adaptation of emerfyeancial trading firms (groups) and find
combinations of increasingly better performing @geactross prior periods. Crowston’s (1996)
GA model shows that organizations and/or their eygx agents can minimize coordination
costs by organizing in particular ways. GA modsla show how emergent behaviors of agents
adapts and changes in a coevolving context (HollA888). Here, agent moves (i.e. changes)
are leadership moves, thus allowing leadershiplachto explore how, in complex systems,
“...agents adapt by changing their rules as expegi@cumulates” (Holland, 1995: 10). In
addition, “each change of strategy by a workersltiee context in which the next change will be
tried and evaluated. When multiple populationagents are adapting to each other, the result is
a leadership process” (Axelrod and Cohen, 200E&)ally important, GA models can help
define interaction process that hold across levdtsch may allow researchers to identify similar

patterns acting in macroevolution and in microetiolu(Axelrod and Cohen, 2000)

Agent-Based and Multi-Agent Learning ModeBarley and her colleagues have

produced some of the more sophisticated modelat®id computational modeling, which
combine elements of CA, GA, and neural network$idncoNSTRUCT(1991) andcONSTRUCTFO
models (Carley & Hill, 2001), simulated agents havgosition or role in a social network and a
mental model consisting of knowledge about othe@nsgy Agents communicate and learn from

others with similar types of knowledgeoNsTRUCTFO allows for the rapid formation of
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subgroups and the emergence of culture, which, wagstallizes, supervenes to alter agent
coevolution and search for improved performanceséhmodels show the emergence of
communication networks (one level) and the fornmabbstable hierarchical groups (2 levels);
they also show how higher levels of order “supeeVea influence lower-level behavior.
Supervenience, the mechanism by which higher-lexglponents intervene to alter the behavior
of their lower-level components, has been calleduaial characteristic of emergence (Klee,
1984; Blitz, 1992).

Quite possibly the most famous example of “botigoi-agent-based modeling is Epstein
and Axtell’'sGrowing Artificial Societie$1996). They boil their agent behavior down torgke
rule: “Look around as far as your vision permiisdfthe spot with the most sugar, go there and
eat the sugar” (p. 6). Agents search on a CA laqusand come to hold genetic-identity-culture
identification tags according to a GA. This modet anly builds social networks (one level), but
also higher-level groups emerge (2 levels). Thesags develop cultural properties that can
supervene to alter the behavior and groupings efi@gthree levels). Another sophisticated
agent model is Carley’s (1990, 1999) compbRGAHEAD Model. This simulation consists of
small groups of interacting workers (agents) lechbyexecutive team that develops firm-level
strategy based on environmental inputs. Groupsetimatrge in this model control who agents
will interact with, learn from, and so on, thereddiering subsequent co-evolutionary emergence.
Also, the emergent culture alters the knowledgetaa strategies of agents. In these ways
Carley’s model reflects three levels of order. lEatthese, and many others, provide intriguing
examples of how agent moves (leadership) at ored &fect the structure and context for

further moves (learning and leadership) at higbeels.
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Intrinsic Emergence

In contrast to the computational and mathematippt@ches described thus far, the disciplines
which explore intrinsic emergence are from phildsoal biology (Autopoiesis), thermodynamic
chemistry (dissipative structures) and evolutiortagory (emergent evolution). Insofar as these
disciplines are rigorously applied to organizatiansl management they exhibit the features of
intrinsic emergence, i.e. their physical expresg¢iealization) of emergence is not a model of
something else, but itself generates a new levgddtiern) of tangible system order in real time.

Autogenesis/Autopoiesif®eep structures and resource flows are at the beart

autogenesiandAutopoiesis.Both of these theories focus on how an autonomgstes — an
agent — produces its internal structures througdganerative organizing process. The original
theory, Autopoiesis (Maturana & Valera, 1980), expéd how and why we experience
ourselves as autonomous beings even though weexticably linked to an external
environment. Their argument, which results in ejue material definition of life, is based on a
definition and analysis of “structural coupling,high is a dynamic mechanism that links
internal response to messages that (appear teedesim the environment. This approach was
drawn out in the social sciences through autogsr{€sanyi & Kampis, 1985; Panzar & Csanyi,
1991), which explores identity-making processestich an agent’s core values and schemas
define the rules that formulate emergent struct(lDeazin and Sandelands, 1992) and social
structures (Kickert, 1993). The value of autogeiastopoiesis is its conceptualization of the
mutual causality — structural coupling — of reseuitows and environmental potentials
(Swenson, 1992; Swenson, 1997); understanding flege provide the capability for accessing
further regimes of resources, for example in thiefof knowledge, opportunity, and

competitive advantage.
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Autopoiesis provides a useful model for understamtiow one’s leadership is a
reflection of one’s own internal perceptions andssemaking. In particular, the theory helps
explain why our interpretations of the world andgé powerfully felt impulses to make change
based on those interpretations, are driven bynatgratterns and psychological structures as
much as by external events (Manz & Neck, 2004)cammon parlance, Autopoiesis provides
the theoretical underpinning for the well-knowntdia: “believing is seeing” (Weick, 1979).

This effect is crucial in the context of patteroagnition (Buckle-Henning & Dugin, this

volume) and a systems view of leadership, for lpsieentify how patterns that a leader
perceives are in some ways also reflected in theepeer. Disentangling this bias can highlight
subtle elements of the pattern, with positive @ffdor getting at the heart of system’s dynamics .

Dissipative Structures.Perhaps the best known and most utilized non-coatipugl

complexity model is drawn from Prigogine’s Nobelz@rwinning work on how order is
spontaneously created in far-from-equilibrium sgs€Prigogine 1955; Prigogine & Glansdorf,
1971). According to their theory dissipative structure@rigogine and Stengers, 1984), when
increasing resource flows cause a focal systerhitofeom near-equilibrium to far-from-
equilibrium dynamics, a new level of macro-struetican spontaneously in the focal system
(Bénard, 1901; Prigogine, 1955; Nicolis & Prigogi®89). In a formal sense, these “macro-
structures” increase the capacity of the systedidsipate resources (heat); according to one set
of experiments, the new level of order expandssttstem’s processing capacity by several
orders of magnitude (Swenson, 1989; 1991).

Swenson himself was an entrepreneur who creasedaessful small business that was
one of the first to commercially produce and seleav kind of cereal in the 1960s: Granola.

Swenson’s understanding of how dissipative strest@gan generate and explain organizational
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growth is comparable to many researchers who haplea the dissipative structures model to
entrepreneurship (Binks & Vale, 1990; Foster, 2000)ovation (Dosi & Fagiolo, 1998; Saviotti
& Mani, 1998), group dynamics (Smith, 1986; SmittC&mer, 1994), and economics in general
(Georgescu-Roegen, 1971; De Vany, 1996). In managethis approach has been used to
explain the emergence of order in high-growth gmeeeurial ventures (Lichtenstein, 2000a);
the emergence of a new dominant logic for stra{@gjtis & Prahalad, 1995), transformative
change in strategy (Garud et al., 2002; MacIntod¥a&Lean, 1999) and organization
(Goldstein, 1994, Leifer, 1989), the emergencendlistry-level collaborative ventures
(Browning et al., 1995), the emergence of sustdabonomic regions (Chiles, Meyer, &
Hench, 2004), and so on.

A dissipative structures model is well suited$tudying emergent order in leadership.
On one level, the conditions that spark order gvaah dissipative structures (Smith & Gemmill,
1991) are strongly connected to the conditionsgpatk adaptive and emergent leadership from
a complexity perspective (Marion et al., 2001; 8 &iHazy, this volume, Plowman & Duchon,
this volume). Furthermore, studies have shownpgkabds of internal order creation that often
accompany innovation and rapid growth may be fatdd by a broader view of interaction-
based leadership that is supported by a Complete@gsLeadership Theory (e.g. Garud &
Karnge, 2003; Lichtenstein & Jones, 2004). Everenbooadly, the kind of systemic approach
to leading that is the foundation of a complexitgpired leadership is also at the core of
dissipative structures (Artigiani, 1987; Goldsteif86). Using this approach to explore how to
lead systemically as well as how to let the sydtad would contribute to the dissipative

structures model as much as to complexity leadershi
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Emergent evolutiors perhaps the least known stream in complexignee, but it offers

perhaps the most profound implications for leadersthange, and social integration of all the
complexity models. At its core, the theory of eget evolution theory argues that biological
and social evolution are best represented as amrangmergence of increasingly complex
layers of macro-systems, each layer providing irgdrgains in the system’s capacity to operate
effectively in it's environmentEmergent evolutioprovides the only complete account of
evolutionary dynamics that compares with traditioreo-Darwinism (see Depew & Weber,
1985; Depew & Weber, 1995), and it is the only tra can successfully integrate physical,
biological, social and cultural evolution througkiagle mechanism. This account was first
written by Jantsch (1980); deeper explanationscamdributions to this stream have continued to
the present in Wicken, (1986), Lazslo (1987), Ad&h®88), Weber, Depew and Smith’s
important compilation in (1990), Swenson (1992)rély (1998), Chaisson, (2001), and others.
In the context of leadership, this approach makestrong claim that organizational
development is a reflection of one’s internal depetent — internal and the external processes of
change are inextricably linked (Wilber, 1995, 2008)anagement authors have also made this
claim, albeit from a slightly different theoretidehmework (e.g. Bartunek, Gordon, &
Weathersby, 1983; Senge, 1990; Torbert, 1991; 200dny view, leadership is represented by
the emergence of new levels of order, whose dewsop increases the potential for others to
grow and change as well (Fisher, Rooke, & Tort#963). As such, leadership involves the
influence of internal factors as much as externalspand progresses in an overall direction of
increased information, communication, trust, inggrehdence, and managerial development

(Torbert, 1991; Wilber, 1995; 1998; LichtensteipAc). This optimistic yet challenging
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framework is also expressed in a few of the manalggpplications of leadership and

complexity (e.g. McMaster, 1995; Jaworski, 1998zger, 1999).

CONCLUSION

Developing a Complex Systems Theory of Leaderishgonceptually challenging; at
least we now have a set of analytic tools thatstgnificantly improve ability to understand and
explain how leadership emerges in interactionse girpose of this essay has been to make
more clear the distinct benefits of using theséstaand equally important, to highlight the vast
array of disciplines that are at our disposal mphocess. Unfortunately management scholars
seem to hold a relatively limited view as to tlasge of options, as Dauvis et al. (2007)
inadvertently made clear. The more options, theertikely a researcher will choose the model
which best analyzes their research questions.

In fact, there is more at stake than which disogto use. Leadership is a rich and
nuanced phenomena, and a new era of leadershipegilire a combination of in-depth, richly
gualitative studies along with precisely operatiaeal quantitative and simulation-based
methods. As other complexity scholars have argiiedfullest interpretations and meanings
from complexity may only be realized when matheo@tinodeling is a complement to case
study analyses which use careful operationalizataord analogical reasoning (Lichtenstein,
2000d; McKelvey, 1999b; Sorenson, 1997). Only tigtothis combination of qualitative and
guantitative is a Complex Systems Theory of Leddpriikely to reach its potential.

Unfortunately such a multi-disciplinary approasmot well developed yet; complexity
research is framed by many as a purely mathematicamputational endeavor. This bias is

cited by Morel and Ramanujam (1999: 289) who caeltheir article by saying, “Application
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of complex systems theory to organization theorgtnely on mathematically proven or
computationally justified facts....Whenever dynamgsvolved, there is no good alternative to
mathematical modeling.” However, this approackhebry-model development leaves out the
complementary aspect of model-phenomenon testiradkK@ivey, 2002). As McKelvey has
shown, both of these activities are interdependedtnecessary in order to generate an overall
theory that is epistemically realistic while refamphigh face validity (McKelvey, 1999a). This
argument certainly holds in leadership researchchnvimvolves subtle internal processes and
arenas that do not necessarily resolve into eapiyational decisions.

For these reasons, | am advocating for a multili®ary approach to complexity, one
that would include both the mathematical modeleastae qualitative researchers and all those
in between. Furthermore, using the arguments fsath dependence, by institutionalizing an
openness to multi-disciplinary work at this stagearadigm development, we create an
opportunity for unexpected approaches and colldlomsto emerge over time. As a result |
believe a matrix of complexity will increase theadlses that our insights about complexity
leadership will become more than another fad, offea significant contribution to academic

scholars and management practitioners througheutrld.

28



REFERENCES

Adams, R. N. 1988The Eighth Day: Social Evolution as the Self-Organization of Energy.
Austin, TX: University of Texas. ISBN: 0292720602

Anderson, P. 1999. Complexity theory and organirasicienceOrganization Science, 10: 216-
232. ISSN 1047-7039

Anderson, P., A. Meyer, K. Eisenhardt, K. Carled @ Pettigrew, 1999. “Introduction to the
special issue: Application of complexity theoryoi@anization scienceQrganization
Science. 10 (3): 233-236. ISSN1047-7039

Artigiani, R. 1987. Revolution and evolution: Apig Prigogine's dissipative structures model.
Journal of Social and Psychological Structures, 10: 249-264.

Ashmos, D., & Huber, G. 1987. The system paradigorganization theory: Correcting the
record and suggesting the futufeademy of Management Review, 12: 607-621. ISSN:
0363-7425

Axelrod, R., & Bennett, D. S. 1993. A landscapeotiyeof aggregatiorBritish Journal of
Political Science, 23: 211-233. ISSN: 0007-1234

Axelrod, R. and M. Cohen, 2008.arnessing Complexity. New York, Free Press. ISBN:
0684867176

Bak, P., 1996How Nature Works: The Science of Self-Organized Criticality. N.Y., Springer-
Verlag. ISBN: 0387947914

Bak, P. and K. Chen, 1991. “Self-organized crittgal Scientific American. January : 46-53.
ISSN: 0036-8733

Baker, G., & Gollub, J. 199&hactic Dynamics, An I ntroduction (2nd Edition ed.).
Cambridge, England: Cambridge University Pres§8NS0521382580

Bartunek, J., Gordon, J., & Weathersby, R. 1983elmping ‘complicated’ understanding in
administratorsAcademy of Management Review, 8(2): 273-284. ISSN: 0363-7425

Baum, J., 1999. "Whole-Part Leadership competitioorganizations." in J. Baum and B.
McKelvey, (Eds.)Variationsin Organization Science. Thousand Oaks, CA, Sage
Publications113-136. ISBN: 0761911251

Baum, J. and J. Singh, (Eds.), 19B¥%0lutionary Dynamics of Organizations. New York: NY,
Oxford University Press. ISBN: 0195077369

Beinhocker, E. 1999. Robust adaptive strate@emn Management Review(Spring): 95-106.
ISSN: 0019-848X

29



Bénard, H. 1901. Les tourbillons cellulaires dane nappe liquide transportant de la chaleur par
convection en régime permanefihnales de Chimie et de Physique, 23: 62-114.

von Bertalanffy, L., 1968General Systems Theory. New York, NY, Braziller Books. LCCN:
68-25176

Bettis, R., & Prahalad, C. K. 1995. The dominagidoRetrospective and extentidsirategic
Management Journal, 16: 5-14.1SSN: 0143-2095

Bigelow, J. 1982. A catastrophe model of organizetl changeBehavioral Science, 27: 26-42.
ISSN: 0005-7940

Binks, M., & Vale, P. 199CEntrepreneurship and Economic Change. London: McGraw-Hill.
ISBN: 0077072189

Blitz, D. 1992.Emergent Evolution: Qualitative novelty and the Levels of Reality. Boston, MA:
Kluwer Academic. ISBN: 0792316584

Boulding, K. 1978Ecodynamics: A New Theory of Societal Evolution. Newbury Park, CA:
SAGE. ISBN: 0803909454

Brown, C., 1995Chaos and Catastrophe Theories. Newbury Park, CA, Sage Publications.
ISBN: 0803958471

Brown, S., & Eisenhardt, K. 19980ompeting on the Edge. Boston, MA: Harvard Business
School Press. ISBN: 0585236690

Browning, L., Beyer, J., & Shetler, J. 1995. Builgicooperation in a competitive industry:
Sematech and the semiconductor indugtoademy of Management Journal, 38: 113-
151. ISSN: 0001-4273

Buckle-Hennings, P. & Dugan, S., in press. Ledditection of problematic self-organized
patterns in the workplace. In J. Hazy, J. GoldsgB. Lichtenstein (Eds.Complex
Systems Leadership Theory. Boston, MA: ISCE Publishing.

Bushev, M., 1994Synergetics. Chaos, Order, Self-Organization. Singapore, World Scientific.
ISBN: 9810212860

Capra, F., 1996T'he Web of Life. New York, NY, Anchor Books. ISBN: 0385476752

Carley, K. 1990. Group stability: A socio-cognitigpproach. In B. M. E. Lawler, C. Ridgeway,
H. Walker (Ed.) Advancesin Group Processes, Vol. 7: 1-44: J.A.l PressISSN: 0882-6145

Carley, K. 1995. Computational and mathematicahoization theory: Perspective and

directions.Computational and Mathematical Organization Theory, 1: 39-56. ISSN:
1381-298X

30



Carley, K. M. 1999. Learning within and among origations. In A. S. Miner & P. C. Anderson
(Eds.),Advancesin strategic management, 16: 33—53.ISSN: 0742-3322

Carley, K., & Prietula, M. 1994Computational Organization Theory. Hillsdale, NJ: Lawrence
Earlbaum Press. ISBN: 080581406X

Carley, K. and D. M. Svoboda, 1996. “Modeling orgation adaptation as a simulated
annealing processSociological Methods and Research. 25 : 138-168.ISSN: 0049-1241

Carniero, R. 1970. A theory of the origin of thatetScience, 169: 733-738. ISSN: 0036-8075

Carniero, R. 1987. The evolution of complexity imian societies and it mathematical
expressionlnternational Journal of Comparative Sociology, 28: 111-128. ISSN: 0020-
7152

Chaisson, E. 200Cosmic Evolution: The Rise of Complexity in Nature. Cambridge, MA:
Harvard Univ. Press. ISBN: 067400342X

Casti, J., 1994Complexification. New York: NY, HarperPerennial. ISBN: 0060168889

Chandler, G., & Lyon, D. 2001. Issues of researetigh and construct measurement in
entrepreneurship research: The past dedaaeepreneurship Theory and Practice,
25(4-Summer): 101-113. ISSN: 1042-2587

Cheng, Y. and A. Van de Ven, 1996. “The innovajmurney: Order out of chaos?”
Organization Science. 6 : 593-614. ISSN1047-7039

Chiles, T., Meyer, A., & Hench, T. 2004. Organipatkl emergence: The origin and
transformation of Branson, Missouri's Musical TleestOrganization Science, 15(5):
499-520. ISSN1047-7039

Cohen, M. 1999. Commentary on the OrganizationrigeiéSpecial Issue on Complexity.
Organization Science, 10: 373-376. ISSN1047-7039

Coren, R. 1998The Evolutionary Trajectory: The Growth of Information in the History and
Future of the Earth. Amsterdam: Gordon and Breach Publishers. ISEIS6996010

Cowan, G., Pines, D., & Meltzer, D. (Eds.). 19@émplexity: Metaphors, Models, and
Reality. (Vol. Proceedings, #11). New York, NY: Addison-8l&y. ISBN: 0201626055

Crowston, K. 1996. An approach to evolving novegjamizational formsComputational and
Mathematical Organization Theory, 2: 29-47. ISBN: 080581406

Crutchfield, J., 1994. "Is anything ever new? Gdesng emergence.” in G. Cowan, D. Pines

and D. Meltzer, (Eds.J;omplexity: Metaphors, models, and Realty. Addison-Wesley.
ISBN: 0201626055

31



Csanyi, V., & Kampis, G. 1985. Autogenesis: Evalatpf replicative systemdournal of
Theoretical Biology, 114: 303-321. ISSN: 0022-5193

Dansereau, F., Yammarino, F., & Kohles, J. 1999ltipla levels of analysis from a longitudinal
perspective: Some implications for theory buildiAgademy of Management Review,
24: 346-357. ISSN: 0363-7425

Davidsson, P., & Wiklund, J. 2001. Levels of analys entrepreneurship research: Current
research practice and suggestions for the fukkmerepreneurship Theory and Practice,
25(4): 81-100. ISSN: 1042-2587

Davis, J., Eisenhardt, K., & Bingham, C. 2007. Dep&g theory through simulation methods.
Academy of Management Review, 32: 480-499. ISSN: 0363-7425

De Vany, A. 1996. Information, chance, and evohutidlchian and the economics of self-
organizationEconomic Inquiry, 34: 427-442. ISSN: 0095-2583

Dent, E. 1999. Complexity science: A worldview sHdmergence, 1(4): 5-19.1SSN: 1521-
3250

Depew, D., & Weber, B. (Eds.). 1985volution at a Crossroads: The New Biology and the
New Philosophy of Science. Cambridge, MA: M.I.T. Press. ISBN: 0262040794

Depew, D., & Weber, B. 199®arwinism Evolving. New York: NY: Oxford University Press.
ISBN: 0262041456

Dhillon, G., & Fabian, F. 2005. A fractal perspgeton competencies necessary for managing
information systemdnternational Journal of Technology Management, 31(1/2): 129-
139. ISSN: 0267-5730

Dooley, K., 1997. “A complex adaptive systems mawfedrganization changeNonlinear
Dynamics, Psychology, and the Life Sciences. 1 : 69-97. ISSN: 1090-0578

Dooley, K., & Van de Ven, A. 1999. Explaining coraplorganizational dynamics.
Organization Science, 10(3): 358-372. ISSNL047-7039

Dosi, G., & Fagiolo, G. 1998. Exploring the unknow@n entrepreneurship, coordination and
innovation-driven growth. In J. Lesourne, & A. Cate(Eds.) Advancesin Self-
Organization and Evolutionary Economics: 308-352. London: Economica. ISBN:
1902282000

Drazin, R. and L. Sandelands, 1992. “Autogenesigefspective on the process of organizing.”
Organizational Science. 3 : 230-249. ISSN1047-7039

Eisenhardt, K., & Bhatia, M. 2002. Organizationalin@plexity and Computation. In J. Baum

(Ed.), Companion to Organizations. Malden, MA: Blackwell Publishers ISBN:
0631216944

32



Elliott, E. and D. Kiel, (Eds.), 199&haos Theory in the Social Sciences. Foundations and
Applications. Ann Arbor, MI, University of Michigan Press. BSI: 0472106384

Epstein, J. M., & Axtell, R. 199@5rowing Artificial Societies: Social Science from the Bottom
Up. Cambridge, MA: MIT Press. ISBN: 0585033579

Eve, R., S. Horsfall and M. Lee, (Eds.) 19@aos, Complexity, and Sociology. Thousand
Oaks, CA, Sage Publications. ISBN: 0761908897

Fisher, D., Rooke, D., & Torbert, B. 200ersonal and Organizational Transformations
through Action Inquiry. Boston, MA: Edge\Work Press. ISBN: 0953818403

Fleming, L., & Sorenson, O. 2001. Technology asmapex adaptive systerResearch Policy,
30: 1019-1039. ISSN: 0048-7333

Forrester, J., 1961ndustrial Dynamics. Cambridge, MA, M.I.T. Press. LCCN: 61-17871

Foster, J. 2000. Competitive selection, self-orgainon and Joseph A. Schumpetiurnal of
Evolutionary Economics, 10: 311-328. ISSN: 0936-9937

Garud, R., & Karnge, P. 2003. Bricolage versusHiileaugh: distributed and embedded agency
in technology entrepreneurshiResearch Policy, 32: 277-301. ISSN: 0048-7333

Garud, R., Kumaraswamy, A., & Sambamurthy, V. 2@®ergent by design: Performance and
transformation at Infosys Technologi€sganization Science, 17: 277-286. ISSN
1047-7039

Garud, R., & Van de Ven, A. 2002. Strategic organanal change processes. In H. Pettigrew,
H. Thomas, & R. Whittington (EdsHandbook of Strategy and Management: 206-231.
London: Sage Publications. ISBN: 0761958932

Gavetti, G., & Levinthal, D. 2000. Looking forwaathd looking backward: Cognitive and
experiential searcidministrative Science Quarterly, 45: 113-137. ISSN: 0001-8392

Gavetti, G., Levinthal, D., & Rivkin, J. 2005. Sigy making in novel and complex worlds: The
power of analogyStrategic Management Journal, 26: 691-712.1SSN: 0143-2095

Gell-Mann, M., 1994The Quark and the Jaguar. New York, W.H. Freeman.

Georgescu-Roegen, N. 197he Entropy Law and the Economic Process. Cambridge, MA:
Harvard University Press.

Gleick, J., 1987Chaos. Making a New Science. New York: NY, Penguin.
Goerner, S., 1994 haos and the Evolving Ecological Universe, Gordon & Breach.

Goldstein, J. 1986. A far-from-equilibrium systeapgproach to resistance to change.
Organizational Dynamics, 15(1): 5-20.

33



Goldstein, J. 1994 he Unshackled Organization. Portland, OR: Productivity Press. ISBN:
156327048X

Goldstein, J., 1999. “Emergence as a construcstori and IssuesEmergence. 1 (1): 49-72.
ISSN: 1521-3250

Goldstein, J., 2000. “Emergence: A concept antlicket of conceptual snare€inergence. 2
(1): 5-22. ISSN: 1521-3250

Gresov, C., Haveman, H., & Oliva, T. 1993. Orgatiaeal design, inertia and the dynamics of
competetive respons@rganization Science, 4: 181-208. ISSN1047-7039

Guastello, S. 199% haos, Catastrophe, and Human Affairs: Applications of Nonlinear
Dynamics to Work, Organizations, and Social Evolution. Mahway, NJ: Erlbaum.

Guastello, S. 1998. Self-organization and leadpremergenceNonlinear Dynamics,
Psychology, and Life Sciences, 2: 301-315. ISSN: 1090-0578

Gunz, H., Lichtenstein, B., & Long, R. 2002. Sel§anization in career systems: A view from
complexity sciencevi@n@gement, 5(1): 63-88.

Haken, H., 1984. "Can synergetics be of use to gemant theory?" in H. Ulrich and J. B.
Probst, (Eds.)Self-organization and the Management of Social Systems. Berlin,
Springer-Verlag.

Hall, R., 1976. “A system pathology of an organizat The rise and fall of the old Saturday
Evening Post.Administrative Science Quarterly. 21 : 185-211. ISSN: 0001-8392

Hazy, J., Millhister, P., & Solow, D., in press.alematical and computational models of
leadership. In J. Hazy, J. Goldstein & B. Lichtens (Eds.) Complex Systems
Leadership Theory. Boston, MA: ISCE Publishing.

Holland, J., 1994. "Echoing emergence: Objectivasgh definitions, and speculations of
ECHO-class models." in G. Cowen, D. Pines and Dit2dge (Eds.) Complexity:
Metaphors, Models, and Reality. Sante Fe Institute09-343.

Holland, J. 1995Hidden Order. Redwood City, CA: Addison-Wesley. ISBN: 020146839

Holland, J., 1998Emergence: From Chaosto Order. Cambridge, MA, Perseus Books. ISBN:
0201149435

Jantsch, E. 1980 he Self-Organizing Universe. New York, NY: Pergamon Press.
Jaworski, J., 1998Synchronicity: The Innter Path of Leadership. S.F., CA: Berrett-Koehler

Kast, D., & Rosenzweig, J. 1972. General systemasrth Applications for organization and
managemenicademy of Management Journal, 15(447-465).

34



Kauffman, S. 1993The Origins of Order. New York, NY: Oxford University Press. ISBN:
0195058119

Kickert, W., 1993. “Autopoiesis and the sciencémfblic) administration: Essence, sense and
nonsense.Organization Studies. 14 : 261-278.

Kiel, D. 1994 . Managing Chaos and Complexity in Government. San Francisco: Jossey-Bass.

Klee, R. 1984. Micro-determinsm and concepts ofrgeace Philosophy of Science, 51: 44-63.
ISSN: 0031-8248

Krugman, P. 1996The Self-Organizing Economy. Cambridge, MA: Bradford Press. ISBN:
1557866996

Laszlo, E. 1987Evolution - The Grand Synthesis. Boston, MA: Shambhalla.

Lawrence, P. and J. Lorsch, 196¥ganization and Environment. Boston, MA, Harvard
University.

Leifer, R. 1989. Understanding organizational tfamsation using a dissipative structure model.
Human Relations, 42: 899-916.

Lewin, R., 1992Complexity: Life on the Edge of Chaos. New York, NY, MacMillan.

Lichtenstein, B. 2000a. Self-organized transitichgattern amid the "chaos" of transformative
change Academy of Management Executive, 14(4): 128-141ISSN: 1079-5545;

Lichtenstein, B. 2000b. Emergence as a processlfebsyanizing: New assumptions and
insights from the study of nonlinear dynamic systelournal of Organizational
Change Management, 13: 526-544.

Lichtenstein, B., 2000c. “Valid or vacuous: A ddtion and assessment of New Paradigm
research in managemen#@merican Behavioral Scientist, 43: 1334-1366.

Lichtenstein, B. 2000d. Dynamics of rapid growtll @hange: A complexity theory of
entrepreneurial transitions. In G. Liebcap (EAdyancesin the Study of
Entrepreneurship, Innovation, and Economic Growth, Vol. 6: 161-192. Westport, CT:
J.A.l. Press.

Lichtenstein, B., & Jones, C. 2004. A self-orgatimatheory of radical entrepreneurshigest
Papers Proceedings, National Academy of Management, New Orleans, LA. OMT
Division, CD Format.

Lichtenstein, B., Uhl-Bien, M., Marion, R., See#s, Orton, D., & Schreiber, C. 2007.
Complexity leadership theory: Explaining the intghge process of leading in complex
adaptive system&mergence: Complexity and Organization, 8(4): 2-12.ISSN: 1521-
3250

35



Lissack, M., & Roos, J. 199Fhe Next Common Sense. London: Nicholas Brealey.

Maclintosh, R., & MacLean, D. 1999. Conditioned egeerce: A dissipative structures approach
to transformationStrategic Management Journal, 20: 297-316ISSN: 0143-2095

Macready, W. and C. Meyer, 1999. "Adaptive operaidCreating business processes that
evolve." in J. H. Clippinger, (Ed.J;he Biology of Business. San Francisco, CA, Jossey-
Bass. ISBN: 078794324X

Macy, M., & Skvoretz, J. 1998. The evolution ofgrand cooperration between strangers: A
computational modeAmerican Sociological Review, 63: 683-660. ISSN: 0003-1224

Maguire, S., & McKelvey, B. 1999. Complexity and magement: Moving from fad to firm
foundationsEmergence, 1(2): 19-61.1SSN: 1521-3250

Maguire, S., McKelvey, B., Mirabeau, L., & Oztas, 2006. Complexity science and
organization studies. In S. Clegg, C. Hardy, W.dN& T. Lawrence (Eds.HK andbook
of Organization Studies, 2nd edition ed.: 165-214. London, UK: SAGE. ISBN
0761949968

Malerba, F., Nelson, R., Orsenigo, L., & Winter,1999. "History-friendly" models of industry
evolution: The computer industrindustrial and Corporate Change, 8: 3-40. ISSN:
0960-6491

Manz, C., & Neck, C. 200Mastering Self-Leadership: Empowering Yourself for Personal
Excellence. (3rd edition ed.). Upper Saddle River, NJ: PeaRa@ntice Hall. ISBN: 013-
1400460

Mandelbrot, B., 1983The Fractal Geometry of Nature. New York, Freeman Press. ISBN:
0716711869

Marion, R. 1999The Edge of Organization. Thousand Oaks, CA: Sage Publications. ISBN:
0761912657

Marion, R., & Uhl-Bien, M. 2001. Leadership in colap organizationsThe Leadership
Quarterly, 12: 389-418. ISSNL047-7039

Maruyama, M., 1963. “The second cybernetiédgrierican Scientist. 51 : 164-179. ISSN:
0003-0996

Maturana, H. R. and F. Varela, J., 1980topoiesis and Cognition. Dordrecht, Holland, D.
Reidel. ISBN: 9027710155

May, R., 1976. “Simple mathematical models withyweomplicated dynamicsNature. 26 : 455-
467. ISSN: 0028-0836

McKelvey, B. 1999a. Complexity theory in organipatiscience: Seizing the promise or
becoming a fadZmergence, 1(1): 5 - 31. ISSN: 1521-3250

36



McKelvey, B. 1999b. Toward a Campbellian Realisg&@rzation Science. In J. Baum, & B.
McKelvey (Eds.)Variationsin Organization Science: 383-412. Thousand Oaks, CA:
Sage Publications. ISBN: 0761911251

McKelvey, B., 1999c. Avoiding complexity catastrapim leadership pockets: Strategies for
rugged landscape®rganization Science. 10 (3): 294-321. ISSNL047-7039

McKelvey, B. 2001. What is complexity scienceslteally order creation sciendemergence,
3(1): 137-157.ISSN: 1521-3250

McKelvey, B. 2002. Model-centered organization sceepistemology. In J. Baum (Ed.),
Blackwell Companion to Organizations. 752-780. Thousand Oaks, CA: Sage
Publications. ISBN: 0631216944

McKelvey, B. 2004a. Toward a Oth Law of Thermodymn@nOrder creation complexity
dynamics from physics and biology to bioeconomicsirnal of Bioeconomics, 6: 65-
96. ISSN: 1387-6996

McKelvey, B. 2004b. Toward a complexity sciencenfrepreneurshigournal of Business
Venturing, 19: 313-342. ISSN: 0883-9026

McKelvey, B. 2006. Van de Ven & Johnson's "Engagebolarship”: Nice try, but.Academy
of Management Review, 31: 822-829. ISSN: 0363-7425

McKelvey, B., & Andriani, P. 2005. Why Gaussiantsstiacs are mostly wrong for strategic
organizationStrategic Organization, 3: 219-228. ISSN: 1476-1270

McKelvey, B. & Lichtenstein, B., in press. Leadapsim the four stages of emergence. In J.
Hazy, J. Goldstein & B. Lichtenstein (EdsCpmplex Systems Leadership Theory.
Boston, MA: ISCE Publishing.

McMaster, M., 1995.The Intelligence Advantage: Organising for Complexity (sic). Isle of
Man, Great Britain: Knowledge-Based DevelopmentiGd. ISBN: 095255240X

Mihata, K., 1997. "The persistence of emergenceS.iH. R. Eve, M. Lee, (Eds.), Chaos,
Complexity, and Sociology. Thousand Oaks, CA, Sage Publications. 1SBN:
0761908897

Miller, J. G. 1978Living Systems. New York, NY: McGraw-Hill Book Company. ISBN:
0070420157

Morel, B. and R. Ramanujam, 1999. “Through the ioglglass of complexity: The dynamics of
organizations as adaptive and evolving syste@sganization Science. 10 (3): 278-293.
ISSN 1047-7039

Neumann, J. von., 196&heory of Self-Reproducing Automata. Champaign, IL,
University of lllinois Press. LCCN: 63-7246

37



Newman, D. 1996. Emergence and strange attra&biimsophy of Science, 63: 245-261.
ISSN: 0031-8248

Nicolis, G., & Prigogine, 1. 198%xploring Complexity. New York, NY: W. H. Freeman.ISBN:
0716718596

Nonaka, |. 1988. Creating organizational orderajuthaos: Self-renewal in Japanese firms.
California Management Review, Spring: 57-73. ISSN: 0008-1256

Nonaka, I., 1994. “A dynamic theory of organizaabknowledge creationQOrganization
Science. 5: 14-37. ISSN1047-7039

Pantzar, M., & Csanyi, V. 1991. The replicative rabadf the evolution of the business
organizationJournal of Social and Biological Structures, 14: 149-163.

Paul, D. L., Butler, J. C., Pearlson, K. E., & Wéton, A. B. 1996. Computationally modeling
organizational learning and adaptability as reseattocation Computational and
Mathematical Organization Theory, 2: 301-324. ISSN: 1381-298X

Petzinger, T., 1999 he New Pioneers. N.Y.: Free Press. ISBN: 0684846365

Plowman, D. A., Baker, L., Beck, T., Kulkarni, Méplanksy, S., & Travis, D. 2007. Radical
Change Accidentally: The Emergence and Amplifiaatdd Small ChangeAcademy of
Management Journal, 50: 515-543ISSN: 0001-4273

Plowman, D. A., Solanksy, S., Beck, T., Baker,KHulkarni, M., & Travis, D. in press. The role
of leadership in emergent, self-organizatidhe Leadership Quarterly. ISSN 1047-
7039

Plowman, D. & Duchon, D., in press. Emergent lesliip: Getting beyond heros and
scapegoats. In J. Hazy, J. Goldstein & B. Lichiging Eds.) Complex Systems
Leadership Theory. Boston, MA: ISCE Publishing.

Popper, S. 1926. Emergendeurnal of Philosophy, 23: 241-245. ISSN: 0022-362X

Prigogine, 1. 1955lntroduction to the Thermodynamics of Irreversible Processes. N.Y.: Wiley.
ISBN: 0470699280

Prigogine, I. and P. Glansdorff, 197hermodynamic Theory of Structure, Stability, and
Fluctuations. New York, Wiley & Sons. ISBN: 0471302805

Prigogine, I. and I. Stengers, 19&tder out of Chaos. New York, NY, Bantam Books. ISBN:
0553340824

Rivkin, J. 2000. Imitation of complex strategibsanagement Science, 46: 824-844ISSN:
0025-1909

38



Rivkin, J., & Siggelkow, N. 2003. Balancing seagstd stability: Interdependencies among
elements of organizational desidhianagement Science, 49: 290-311.ISSN: 0025-
1909

Rooke, D., & Torbert, B. 2005. Seven transformatiohleadership-Harvard Business Review,
83(4 (April)): 66-77. ISSN1047-7039

Rosen, R. 1974. On the design of stable and reliaistitutions! nternational Journal of
General Systems, 1: 61-66. ISSN: 1563-5104

Rousseau, D. 1985. Issues of level in organizalti@sarch: Multi-level and cross-level
perspectiveskResearch in Organizational Behavior, 7: 1-38. ISSN: 0191-3085

Rudolph, J., & Repenning, N. 2002. Disaster dynamniimderstanding the role of quantity in
organizational collaps@dministrative Science Quarterly, 47: 1-30. ISSN: 0001-8392

Salthe, S. 1983 volving Hierarchical System: Their Structure and Representation. New
York, NY: Columbia University Press. ISBN: 0230065

Sastry, A., 1997. “Problems and paradoxes in a imafdainctuated organizational change.”
Administrative Science Quarterly. 42 (2): 237-275. 1SSN: 0001-8392

Saviotti, P. P., & Mani, G. S. 1998. Technologieablution, self-organization, and knowledge.
Journal of High Technology Management Research, 9: 255-270. ISSN: 1047-8310

Schieve, W., & Allen, P. (Eds.). 1982elf-Organization and Dissipative Structures:
Applicationsin the Physical and Social Sciences. Austin, TX: University of Texas
Press. ISBN: 0292703546

Schelling, T. 1978Micromotives and Macrobehavior. New York: W.W. Norton. ISBN:
0393057011

Schrodinger, E., 1944/199%/hat is Life?, Cambridge University Press. ISBN: 0521427088

Senge, P. M. 1990 he Fifth Discipline. New York, NY: Doubleday/Currency. ISBN:
0385260946

Siggelkow, N., & Rivkin, J. 2005. Speed and seaBsigning organizations for turbulence and
complexity.Organization Science, 16: 101-122 ISSN1047-7039

Siggelkow, N., & Rivkin, J. 2006. When exploratibackfires: Unintended consequences of
multilevel organizational searcAcademy of Management Journal, 49: 779-796.
ISSN: 0001-4273

Simon, H. 1962. The architecture of complexRyoceedings of the American Philosophical
Society, 106(6): 467-482. ISSN: 0003-049X

39



Smith, C. 1986. Transformation and regeneratiasoitial systems: A dissipative structure
perspectiveSystems Research, 3: 203-213. ISSN: 1092-7026

Smith, C., & Comer, D. 1994. Change in the smalugr. A dissipative structure perspective.
Human Relations, 47: 553-581.ISSN: 0018-7267

Smith, C., & Gemmill, G. 1991. Self-Organizationsmall groups: A study of group
effectivenss within non-equilibrium conditionrduman Relations, 44: 697-716.ISSN:
0018-7267

Sorenson, O. 1997The complexity catastrophe: | nterdependence and adaptability in
organizational evolution. Unpublished Unpublished Ph.D. dissertation, Stahf
University, Palo Alto, CA.

Sorenson, O. 2002. Interorganizational Complexng @omputation. In J. Baum (Ed.),
Companion to Organizations. 664-685. Malden, MA: Blackwell Publishers, INKSBN:
0631216944

Sorenson, O., & Audia, P. 2000. The social striectfrentrepreneurial activity: Geographic
concentration of footwear production in the U.940-1989 American Journal of
Sociology, 106: 424-461.1SSN: 0002-9602

Stacy, R. 1992Managing the Unknowable. San Francisco: Jossey-Bass. ISBN: 1555424635

Stanley, M., Amaral, L., Buldyrev, S., et al., 1998aling behavior in the growth of companies.
Nature, 379: 804-806. ISSN: 0028-0836

Sulis, W., & Combs, A. (Eds.). 19980onlinear dynamicsin Human Behavior. Singapore:
World Scientific Press. ISBN: 9810227426

Surie, G. & Hazy, J. K. (2007). Generative leadgrsNurturing innovation in complex systems.
Emergence: Complexity and Organization, ISSN 152132508(4): 13-28

Swenson, R. 1989. Emergent attractor and the lawaodmum entropy production: Foundations
to a theory of general evolutioBystems Research, 6(3): 187-197. ISSN: 1092-7026

Swenson, R. 1991. End-directed physics and evolatioordering. In F. Geyr (Ed.),
Cybernetics of Complex Systems. Salinas, CA: Intersystems Press.

Swenson, R. 1992. Order, evolution, and natural IBandamental relations in complex system
theory. In C. Negoita (Ed.Jybernetics and Applied Systems: 125-147. New York:
Marcel Dekker, Inc. ISBN: 0824786777

Swenson, R., 1997. "Thermodynamics and evolutionG. Greenberg and M. Haraway, (Eds.),

Comparative Psychology - a Handbook. New York, NY, Garland Publishers. 207-219.
ISBN: 0815312814

40



Thom, R. 1975Structural Stability and Morphogenesis. Reading, MA: Addison-Wesley.
ISBN: 0805392769

Thompson, J., 196 Drganizationsin Action. N.Y., McGraw Hill. LCCN: 67-11564

Torbert, B. and Associates, 20@¥tion Inquiry: The secret of timely and transforming
leadership. San Francisco: Berrett-Koehler. ISBN: 157675264X

Torbert, W. 1991The Power of Balance. Newbury Park, CA: Sage Publications. ISBN:
080394067X

Uhl-Bien, M., Marion, R., & McKelvey, B. in pres€omplexity leadership theory: Shifting
leadership from the industrial age to the informatera.The Leadership Quarterly.
ISSN 1047-7039

Uhl-Bein, M. & Marion, R., in pres€Complexity and Leadership, Volume | : Conceptual
Foundations. Charlotte, NC: Information Age Publishers.

Ulrich, H., & Probst, J. B. (Eds.). 1988elf-Organization and Management of Social Systems.
Berlin: Springer-Verlag.SBN: 038713459X

von Bertalanffy, L. 1968General System Theory. New York, NY: Braziller Books. LCCN: 68-
25176

Waldrop, M., 1992Complexity. New York, NY, Touchstone/Simon & Schuster. ISBN:
0671767895

Weber, B. H., Depew, D. J., & Smith, J. D. (Ed$990.Entropy, I nformation, and Evolution.
Cambridge, MA: MIT Press. ISBN: 0262231328

Weick, K. 1977. Organization design: Organizatiasself-designing systent3cganizational
Dynamics, 6(2): 30-46. ISSN : 0090-2616

Weiner, N., 1948/196 Cybernetics. Cambridge, MA, M.1.T. Press.

Wheatley, M., & Kellner-Rogers, M. 1998.Simpler Way. San Francisco: Berrett-Koehler.
ISBN: 1881052958

Wicken, J. 1986. Evolutionary self-organization a&mdropic dissipation in biological and
socioeconomic systemdournal of Social and Biological Structures, 9: 261-273.

Wilber, K. 1995.Sex, Ecology, Spirituality. Boston, MA: Shambhalla Publications. ISBN:
1457620725

Wilber, K. 1998.The Marriage of Sense and Soul. New York.ISBN: 0375500545

Wilber, K. 2001.A Theory of Everything. Boston, MA: Shambhala. ISBN 1-57062-8556

41



Zaror, G., & Guastello, S. 2000. Self-organizatondleadership emergence: A cross-cultural
replication.Nonlinear Dynamics, Psychology, and Life Sciences, 4: 113-120. ISSN:
1090-0578

Zeeman, E. 197 Catastrophe Theory: Selected Papers. Reading, MA: Addison-Wesley. ISBN:
0201090147

Zeleny, M. (Ed.). 1981Autopoiesis, Dissipative Structures, and Spontaneous Social Orders.
Boulder, CO: Westview Press. ISBN: 0865310351

Zimmerman, B., & Hurst, D. 1993. Breaking the boames: The fractal organizatiofournal
of Management Inquiry, 2: 334-354. ISSN: 1056-4926

42



TABLE 1: Summary of Complexity Disciplines for Understanding Emergence

RESEARCH
STREAM

INSIGHTS FROM THEORY

MANAGERIAL INSIGHTS FROM THEORY

MANAGEMENT
REFERENCES

Deterministic
Chaos Theory

Emergent order (attractors) can be identified
data that appears random. Dynamic syste
are highly sensitive to initial conditions (i.e.

iBtrange attractors are “basins of attraction” talvar
mighich organizational behaviors tend. These attract
can be statistically identified in time series data

Kiel, 1994; Thietart
and Forgues, 1995;
Cheng and Van de

Butterfly effect). Changes in attractors may imply learning and/or Ven, 1996
organizational transformation.
Catastrophe | Transformative change can be qualitatively | Transformative organizational change can occur Bigelow, 1982;
Theory modeled to show how incremental change | incrementally or in a punctuation. Re-analysis of | Guastello, 1995;

across one parameter (variable) creates
“catastrophic” (punctuated) changes across
another.

behavioral data using non-linear catastrophe model
explains up to 400% more variance than the sanze ¢
analyzed using linear regression models.

5Gresov, et al., 1993
lat

System Dynamics

5 Positive/negative feedback loops can be
mapped, allowing for a systematic
experimentation of dynamic conditions in ve
complex systems.

Multi-level dynamic interactions across systems loary
modeled, showing how and why unexpected behav
ryoccurs in complex systems. These models can lok
to find “leverage” points that avoid unintendeceets.

Hall, 1976; Sastry,
01997; Rudolph &
u$tepenning, 2002

Self-Organized

Certain dynamic systems evolve to a state ir

Specific strategies and organizational processes ca

Bak & Chen, 1991;

Criticality which all changes are related through a singlegenerate dynamic structuring at the “edge of chaos.
power-law. This dynamic strategy/structure supports high
innovation and creativity in organizations.

Fractals Natural systems exhibit self-similarityass | Organizations exhibit self-similar behavior and/or Zimmerman and
scales, whose dimensionality can be measufe@lues across levels (e.g. individual, group, camgpa | Hurst, 1990
using a mathematical mapping technique. | wide.)

Power Laws Certain processes repeat themselvessacro | Many seemingly distinct organizational phenomenala@arneiro, 1970;

many scales; these repetitions can be identi

igmherently related to each other through a singteot

Stanley et al., 1996

through their unique signature (power law).

underlying causal dynamics.
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RESEARCH MANAGEMENT
STREAM INSIGHTS FROM THEORY MANAGERIAL INSIGHTS FROM THEORY REFERENCES
Cellular The physical closeness/distance of agents | Macro-level structures are determined in part by Shelling, 1971; Lomi
Automata significantly affects the dynamics of their spatial qualities of a field including e.g. density & Larson, 1996.

evolution.

proximity, and size.

NK Landscapes

Organisms and environment co-evolve
“fitness” of an organism depends on the ove
fitness of its environment, and vice versa.

An organization and its market environment co-egol
rdlhe “fitness” of an organization depends on its
environmental influence, and vice versa. Valuarch
relationships can be effectively modeled, and new
value chain strategies generated, using this apbroa

vMcKelvey, 1999b;
Levinthal & Warglein,
1999; Fleming and
Sorenson, 2001

Genetic
Algorithms

Programmed entities (cellular automata)
display complex emergent patterns as they
evolve toward a critical value.

Strategic moves are constrained by the
decisions/behaviors of one’s immediate neighbors;
these constraints generate emergent patterns in
computer simulations.

Axelrod, 1984; 1987;
Krugman, 1996,
Holland, 1995;
Axelrod and Cohen,
2000.

Agent-Based
and
Multi-Agent
Learning Models

Multiple algorithms can be linked in a single
model, allowing researchers to explore
complex phenomena.

Organizational adaptation and learning evolve tghou
optimal moves which are constrained and made

possible by agent qualities (e.g. knowledge) acdllo
conditions (e.g. dynamism) that change over time.

Carley, 1990; 1999;
Carley and Svoboda,
1996; Epstein &
Axtell, 1996.

Autogenesis/

Some dissipative structures can self-genera

eOrganizing processes self-replicate their inteandér,

Pantzar and Csanyi,

Autopoiesis and self-replicate their internal order. based on a deep structure that generates rulemamed| 1991; Drazin and
Autogenic systems (like “mind” are self- visible operations. Rule creating and rule follogyi Sandelands, 1992
organized and display emergent behavior. | behavior is an emergent, self-organized process.

Dissipative New levels of order can spontaneously emerg@roups and organizational systems can generate ne@mith, 1986; Wicken,

Structures in non-equilibrium situations, through a self-| order or maintain themselves at a high degreed#ror| 1986; Adams, 1988;
amplifying process sparked by fluctuations, | by dissipating large amounts of energy, information| Lichtenstein, 2000.
resulting in greater system capacity. and resources.

Emergent Evolution is a self-organizing process that | Organizational co-evolution is a combination of Leifer, 1989; White et

Evolution creates new forms, which then undergo natyrahriation-selection-retention and non-linear adamta | al., 1997;

selection processes. The universe has
experienced an increase in complexity acrog

Long-term development involves multiple transform
sthat can be achieved through action learning and

-

Ps

evolution.

managerial capacity and development.
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TABLE 2: The Matrix of Complexity — A Typology of Complexity Disciplines

Emergent Patterns
within One System Level

Emergent Dynamics within
a System (two levels)

Principles of Emergence (three
or more levels)

Discovery
of Order:

Deterministic Chaos Theory

Catastrophe Theory
System Dynamics
Self-Organized Criticality

Fractal analysis

Power Laws

Modeling Emergent

Cellular Automata

Genetic Algorithms

Agent-Based Modeling

Order: NK Landscapes
Intrinsic Autopoiesis/Autogenesis Dissipative Structures| Multi-Agent Learing Models
Emergence: Emergent Evolution
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