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ABSTRACT

Increasingly, complexity science focuses on power laws, long tails, extreme events, fractals and other Pareto-related
effects. New fields such as econophysics and sociophysics have arisen. These recognize the nonlinear
interdependences among agents, where power laws are often signify scale-free dynamics. Findings showing the
ubiquity of power laws in the social and organizational worlds underlie increasing calls for more applications of
Pareto-driven ideas to organizational and management research. Given that the world of practicing managersis,
then, quite likely Paretian rather than Gaussian, what to tell managers? Basic ideas highlighting key differences
between Gaussian and Paretian approaches are first reviewed. Then, four specific cases highlighting the managerial
tails of Pareto distributions are discussed. These illustrate how overall managerial effectiveness improves by
managing the Pareto tails rather than relying on conventional wisdom to manage QverageCbehaviour. Insights and
effective strategies better tuned to Pareto-distributed managerial practice follow.

Key words: Extremes Hollywood ecanomics, long tails, Pareb, power laws, scale-free dynamics, UP
gridlock.



2

In the pag few yearstherehasbeenanincreasng attertion in the complexity theary literaure to power laws,
long tails, extreme everts, fractals and other Pareb-related effects (Schroeder, 1991; Weg and Deering,
1995; lannaccane and Khokha, 1996; Newman 2005; Barabtd, 2002). Entirely new fields such as
ecaophysicsand sociophysicshave arisen (Chatterjeeetal. 2005, 2006, 2007; Marntegna etal., 2000 )
basedon the recaynition that the nonlinearinterdependencesamang agens givesrise to a more complex
world, where power laws are the sighature of scale-free dynamics.

Aside from afew exceptions, (De Vary, 2003; Anderson, 2006; Taleb, 2007), the maragemert,
organizatonal theary and business literaure is trailing behind, but atthe same time it offersavery richfield
of inquiry to the researcherswho wart to explain the origin and dynamics of the extreme diversty of
business structures On the one hand, we see extreme outliersat one end of a Paeto distribution D positive
extremessuch asGE, Microsoft, Wal-Mart and Google, and negative extremessuch asthe Challenger ard
Pioneerdisagers LTCM, Pamalat, Enron, CountryWide, IndiMac, Bear Sterns, Famy Maefreddie Mac,
and LehmanBrotherson the negative side. At the opposite end, we see the Pareto tail Chris Anderson writes
about Pa Paeto tail consisting, for example of AmazaOook salesor 17 million Pa& Pa storesbmary of
which arein idiosyncraic micro-niches

In previous papers (Andrian and McKelvey, 2007, forthcoming) we have reviewedthe literatre on
power laws, demonstratedthe ubiquity of power laws in the social sciencesand morein particularly in the
organizatonal world, applied Pareb-drivenideasto methodology and researchin orgarnizaton science, and
developeda framework to explain the emergence of power laws in the social sciences(which we call scale-
freetheary). In this paper we focus on a differert agped: Giventhat the world in which organizationsliveis
frequently Paretan, whattypesof changesin thinking and practcesare required of managersto successfully
interactand prosperin a Paretianworld? How to transform the new underganding of scalahility and scale-
freetheariesin tools useful to articipate and governthe transformaton of small initiating evertsinto
extreme events, either to favourably shape the emergence of new business market and/or organizatonal
structuresor to avoid their potertially lethal consequences? Canscale-free thearieshelp idertify the
initiating stagesof Holland®€2002) Giny initiating eventsO?

Thes are big quedionsthatrequire arecariertation of maragemert and organizaion theary. In this paper
we show how the practice of maragement changeswhen a pracicing manager adopts a Paretan standpoint.
We bedgn with areview of basc ideasthat diff er betweenthe Gawssianand Partianapproaches Thenwe
discuss four specific cagesin which the Parefan standpoint offers new insights and effective strateges A
conclusion follows.

PARETO VS GAUSS: WHY POWER LAWS MATTER

Abbott (2001, p. 7) discusseshow the Ogrerallinea modelGfrom Newtonianmectarics cameto shape
social sciertistsChinking. As Abbott writes

The phrase ‘general linear reality’ denotes a way of thinking about how society works. This mentality
arises through treating linear models as representations of the actual social worldE. The social world
consists of fixed entities (the units of analysis) that have attributes (the variables). These attributes
interact...to create outcomes, themselves measurable as attributes of the fixed entities.

The Ogreral linea reaityQ{GLR) model hasinfl uenced not only the way researchersbuild models and the
philosophical assumptions they use but also directy the way we concepualizethe world. GLR, Abbott
claims, hastrarsformed normal distributions from atool relevart under a set of specffic circumstancesinto a
representation of the world asit is. By stressing the certrality of fixed independent entities GLR failsto
accaunt for the emergent propertiesof systemsthat derive from connecivity within or amag systems The
consequert interdependence amang agerts generaesParetan dynamics and power laws asits signature.

Power laws seemubiquitous Bthey appearin leaves coadlines and music (Cadi, 1994). Power laws
charecterize eathquakesard hurricanes American Japarese, Chines, and Indiancities among mary
others(but clealy not all), follow a power law whenranked by population (Auerbach, 1913; Zipf, 1949;
McKelvey et al., forthcoming). The structure of the Internetfollows a power law (Albertetal., 1999), as
doesthe size of firms (Starley etal., 1996; Axtell, 2001). We have collected 84 examdesof powerlawsin
the social and organizatonal world (Andrian and McKelvey, forthcoming). Brock (2000) says power laws
arethe fundamertal feature of the Sarta Fe Institute® (SFI) complexity scierce.

A Paeto distribution plotted asa double-log scale appearsasainverse power law Ba negatively sloping



straight line. Power laws are (i ndicaive of correlated, cooperative phenomera between groups of
interactng agentsE ((Cook et al., 2004, p. 3). Power laws oftentake the form of rark/frequercy (or size)
expresionssuchasF ~ N7 whereFis frequercy, Nisrark and 8, the exponen, is constart. In
OeponertialCfunctions the exponert is the variable and N is constart. Theariesexplaining power laws are
also scale-freg i.e., the same explaration (theary) appliesto several adacert levels of analysis.

We argue that power law theaiesapply to maragemert and organizaions. Thereis good rea®n to
believe that power-law effect are also ubiquitous in organizaions and have far greaer consequernce than
current maragemen theariespresume. Previously, we argue that any timethere is the presence of tension
and connectvity dynamics, the probahility of power-law-distributed pheromenraincreagssubstartially. To
the extert thisistrue, managersignoring power-law eff ects risk missing animportart part of the dynamics
of business pheromena. Specifically, the extreme outcome at one end of the Paeto tail istypically N = 1.
Extreme events and radical innovations fall into this group. At the opposite end the N canrun into the
millions and more. The mode, mean and medando not overlap, asthey do in a normal distribution.
Moreover, in many power-law distributions the meanand the variance do not exist! Thereis no typical scale
and therefare the use of averagesand stanrdarddeviations to represent the phenomeron is misleadng.
Methods of good managemert at one extreme do not apply to the opposite exremebmanagng aMa& Pa
storeis not the same asmaraging Wal-Mart. As Axtell (2008) points out, Otte typical firm doesnot exist.O
Managng the medanfirmis not the same asmaragng at either extreme.

Freaquertly, whatis most importarnt to maragersarethe extremesthey face, not the averages Y et, the
resarch of most acacemics producesreallts based on averagesin normal distributions and associated
statistical significarces(McKelvey and Berbya, 2007). We believe that researchreallts stemming from
Pareb-basedscience could be of more value to maragers. But how? What canthe study of Pareb-based
science contribute to the practice of maragemert?

We begn by highlighting the main areasthat have beenchanged by the discovery of powerlaw
pheromera. Thenwe apply these lessons to four specific fields and detail how Gaussianand Paietian
aporoachesleadto ertirely different conclusions.

1.1.1 Independence or I nterdependence?

Power-law phenomera exhibit Paretianrather than Gaussiandistributions BseeFigure 1. The fundamental
difference liesin assumptions about the correlations among everts. In a Gaussiandistribution the data points
areassumedto be independent-additive (hereinafter simply Gndeperdent®) Indeperdent events gererate
normal distributions, which sit atthe heart of modernstatistics Wheneverts are independent-multiplicative
they produce alognormal distribution. Wheneverts are interdependent, Partiandistributions dominate
because positive feedack processesleadng to extreme everts occur more frequertly than OormalQ bell -
shaped Gaussian-based statisticsleadus to expect normality in distributionsis not the norm.

>>>|nsert Figure 1 about here<<<

Seweral theaiesexplain power laws. They typically hinge on interdependence amang data points ard a
possible ensuing positive feedack proces. Heren liesthe problemfor OnrmalCscience: Most quartitative
resaich involvesthe use of statistical methods presuming independence among data points and Gaussian
Oonrmalldistributions. The mary findings of natural and social power-law pheromera, however, indicae
that interdependence is far more prevalert than OnrmalCstatistics assumesand the consecuert extremes
have far greaer consequencethan the OagragesOin between

1.1.2 Heterogeneity and diversity

Linea science, GLR, and normal statistics assumethat the world is complicated P but not complex. The
distinction is about emergert properties In acomplicatedworld, the propertiesof systemscanbe derived
from the propertiesof their constituert elements. For instarnce,in the Neo-Darwinianaccaunt of biology, the
propertiesof anorgansm are set by the information in its genes The causal chain is bottom-up, from genes
to organisms. Ignoring emergent propertiesallows the radcal simplificaion of reaity.

! Note that though a power law exponent is constant in a particular function, the exponent may change for different
settings, industries, times, etc. For example, Stanley et al. (1996) find slightly different scaling coefficients across a

large sample of firms for sales, assets, number of employees, etc.
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This assumption and the consequent methodology and metods have pemrmeatedertire disciplineswithin
maragemert and business studies from decision-making to marketing, from logistic and supply chain
maragemert to strategy. If reductionismis avalid strategy, thenthe possible statesof a system are finite and
consequertly both the heterogenreity of the agents of a social-ecanomic systemand its pattern of variahility
arefinite, in principle and in pracice. The purpose of the aralyst isto idertify the OaimsCof the system
This canbe agene (Dawkins, 1989), meme (Dawkins, 1989), a rational optimizer (Nash, 1950), atecmique
(Mokyr, 2002), a way of making aliving (Vemeij, 2006) or ary fundamertal units that canbe aggregatedto
recanstruct a dynamical system.

This approachfails on two accaunts: first, it ignoresthat emergent propertiesincrease diversity and
heteraogenreity of agerts at the specffi c level they operate. The emergence of company culture, or routinesin
social groupsis areailt of the connections within networks (connecionist property) and camot be Oredcedd
to the propertiesof the agerts. Secand, the focus of GLR-based scienceson discrete ertitiesrather thanon
the connecions among ertities allows the decription of the ertitiesand attributesvia Onrmal®bell-shaped
statistics Thisrelieson the concept of the represertative agernt and assumesthat the total diversty of the
distribution is limitedand mostly contained within two standard deviations from the mean Armedwith a
Gaussian aporoach the attertion focuseson the certre of the distribution, wheremost of the data are
expeciedto fall. Therareeventsthatlurk in thetail of the distribution aretreatedasoutliersard often
discarced

Linea sciencestend to ignore or underpay the true diversty of the systemsthey study, whereaspower-
law distributions reflecta dynamical range that is orders of magnitude wider thana normal distribution. The
natural variakility of maost pheromermais pracically unbounded and consequertly, reliance on
averaghvariance type of explamationsis misleadng. Thereis no typicalfirm, transacion, agent, consumer,
voter, supplier, tecmology, efc.

1.1.3 Prediction and predictability

In the linear science paradgm, the evolution of a system follows a set of universal laws, time and space
independert. The so-called initial conditions capure the settings of a specific system and consequertly
erabe the reslution of the equations of mation of that system. In complicaed systems composed of
multiple parts, the linearty asumption pemits the simplificaton of a sciertistOgask by breaking down the
systems into its constituent parts. The tak of predcting the ewolution of a system can therefore, be
trarsformed into a modelling exercise of decomposing complicated systems down into individual parts,
followed by the construction and teging of the relevant equations for the systemOgparts, ard finally by re-
aggregation the reductionist findings.

At the opposite end of the spectrum, the prevailing view of complex systems stresses emergerce,
nonlinearty and the role of chance in the evolution of systems This view stresses sersitivity to initial
conditions, which leads to the ideathat bascally every apectof complex systemsis fundamentally chadtic,
both at agert and aggregate levels. For instance, De Vary in his Hollywood Economics (2003) shows how
every agect of filmmaking is chadic and sersitive to initial conditions. Consequertly chance reigns
supreme We donOtdispute his conclusions but notice that complex systemsand their statistical signature
(power laws) reault from the egallishmert of a collectve system of interdependercies that give rise to a
cadlecively critical system. The system self-organizes araund some dynamical patterrs that are amplified
until they becane a new form of collectve order. Thisis someting that science canstudy, model ard try to
articipate and maragers exploit. In gereral, the exact predction of single everts remains outside the
camhility of current science, but the possibility of articipating major reversals in trends via the study of the
build-up of interdependerciesin the system becomespossible.

In conclusion, the emergert collective order of complex systemsallows somelimitedformsof predction.
The tail and slope of power-law distribution give importart informaion about the nature of the phenomeron
under study and provide importart informaiton to the decision maker.

2 Connections, and more in general the context within which the entities operate, are seen as forces that affect the

variable attributes of the entities



1.1.4 Long Tail and Extreme Events

Life isinherertly risky. Risk depends on the fundamental out-of-equilibrium dynamics of social and natural
pheromere. As Nicadlis and Prigogine (1989) write: Non equilibrium reveals the potentialities hidden in the
nonlinearities, potentialities that remain dormant at or near equilibrium. Some of the self-orgarizing states
of the out-of equilibrium dynamic leadto extreme everts, thatis, to bifurcating catagrophesthat reshape the
context in which OprmalCeverts take place. Eldredge and Gould (1972) found that biological evolution
occusin short bursts of frartic change followed by long periods of incremertal change (Gould and
Eldredge, 1977). The sameview isnow diffusedin history (De Landa, 2000), history of tecinology (De
Landa, 2000), ecanomics and urbanplaming (Jacobs, 1969, 2000; Vemeij, 2004), business and
maragemert (Romarelli and Tushman 1994), finance (Sarnette, 2003; Mandelbrot and Hudson, 2004), and
so on.

Risk in the punctuated equilibria model canbe extreme. It is however diffi cult to account for this type of
risk by using tools and models of tradtional sciences Tradtional methods privilege the study of the
average, the common and the variance around the representative scale. Risk is deat with within this
paradgm. Reliance on the fundamental assumptions of linearty, independence of everts and continuity
givesriseto theay that canonly desribe well-behaved distributions accading to which extreme everts
should never happen.

Extreme everts challenge the dominance of existing GLR-basdthearies By definition extremeeverts
arerare ard diffi cult to describe viatradtional statistics They originate in the tail of distributions and grow
around dynamical trajectoriesthat areoften unexpectd and unprececerted. Extreme events terd to redraw
the badc feauresof systemsand therefore to give rise to new systems The finarcial world after 1929 was
different from the pre-crash one. Differert rulesappliedand diff erert requlations wereneeckd If the
knowledge of the ordinary doesnOtelp, thenit becanes necesary to pay attertion to the tail of the
distribution, to the outlier, ard idertify early on the exparsionary self-organizing dynamicsthat trigger the
emegence of anew system

MANAGING IN A PARETO WORLD CALLSFOR NEW THINKING

E much of the real world is controlled as much by the GailsOof distributions as means or averages: by the
exceptional, not the commonplace; by the catastrophe, not the steady dripE. We need to free ourselves from
Q@verageCthinking. (Nobel Laureate P. W. Anderson, 1997, p. 566)

In the following we apply the Partianframework to four specific areasto show how the change in paradgm
from Gaussianto Patetianallows a better understanding of realty and helps formulate original and effective
maragemert strateges We start by focusing on the emergence of The Long Tail and the consequert change
of strategy; we thenexamine the business of an Oegerience good@such asthe movie industry and show how
risk and predction are redefined, next we show how concertrating on the tail suggeds analternative
strategy to dealwith the homeless problem We turn to the callapse of UP Railroadto illustrate how a
Paretan approach canhelp explain and potertially avoid major catagrophes

2.1 Managing Extreme Uncertainty to I ncrease the Blockbugter Tail

The movie industry inthe U.S. (i.e., Hollywood) is exposedto rad cal uncertainty and extreme evernts unlike
most industries Most moviesaremoney-losers A few blockbustersmake huge profits and support the
industry (De Vary, 2003). The Hollywood saying QVobody knows anything®(Goldman, 1983) indicatesthat
predctahlity of succes (or failure) of movieshassystematcaly escapedthe efforts of amalysts, acagmics,
and pracitioners Extreme everts such as@he Blair Witch Project,Owhich cost $60,000 ard brought $140
million or the failure of Vaterworld,Owhich cost $175 million but grossedonly $88 million atthe U.S. box
offi cearetypical examples The usual predictors of moviesJsucces, such asbudget, release date, variabes
relatedto actors, Academy Awards, criti creviews, etc., do not seemto giveary reliabe predctions about
the outcome of a movie.

Assuming that the movie world is Gaussianrather than Paretanis problematic on several counts.

First, it givesanunrealistic picture of risk. Assuming thatthe movie industry is Gaussian the probahlity
of amovie such as@lome AloneQ(profit = $93 million) is 2.97 *10°°, avirtual impossibility. A stable
Pareb givesthe much more rea®nable value of 0.83%. The QVaterworldCailure would never have been
predcted by using Gaussianstatistics (E8.41 * 10%%), against a Pareb probakility of 0.45% (De Vany 2003,
pp. 219, 284). Secand. it maks the importance of the rareevents determinina the success of the industry.
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Third, if successis unpredctalde, certain pracicessuch asflat-fee distribution rights and contracts based on
expectedreallts arecounter-productive and damagng to the industry. Fourth , in atemging to stakilize
revenuesand improve predctahility, studios inveg in sequels and make the plot of most moviesfollow alist
of pre-determinedard distilledingrederts. Thisis based on the Guinimum common denominatorCstrategy
de<cribedin our Long Tail section. Again, thereislittle evidence that these simple ruleswork.

Is the movie world Partian? The typical distribution of budget, reverue and profit (moviesreleasedin
1999) is shown in Figure 2 (Longstaff etal., 2004) Dthe histogramsshow the typical signs of Pareto
distributions. De VanyOg2003) researchconfirmsthe dominance of Paeto distributions in the industry.

>>>|nsert Figure 2 about here<<<

How doesmaragemen change if we assume a Paeto world? First, reliance on star power and following
the star system doesnOproduce consistert reaults. As De Vary points out, star, and in gereralmovie
contracing, should shift from expectedreailts to outcome-basedreaults. For instance, rewardand
contracing should be contingent to effective and not expeciedreaults.

Secmd, givenradcal uncertinty, it is unlikely that succes will come from the applicaton of some
formulaic recipes(sequels arethe perfect examgde of this approach that appeal to the minimum common
denominator of the potertial audience, asopposed to the search of truly original plots. The Gaussian
approachleads to homogereity, the Paretanapproachto heteragereity.

Third, if movie success or failure is based on the @pidemicsOof scalable communicatons (large
audiencesemerge from the multiplicaive spreadng of rumours (communicafions) in heterogeneaus
networks, not from the additive aggregation of homogenous individuals), then promotion and marketing
campaigns should target the mecharism of rumour-spreadng in scale-freenetworks. The Wisdom of Crowds
(Surowiecki, 2004) suggeds thatviral marketing, pred ction markets, blogs, and communitiesmaybe more
effective in advertising OtailerGnd movie desgn.

Fourth, if predction isimpossible, what type of asessmert of future outcomesis possible?De VaryOs
de<ription of the Paeto distribution asthe universal attracior of the movieindustry calls for the following
aporoach Moviesare ratedaccording to four categories. G, PG, PG13 and R. De Vany and Walls (2002)
show that all four have a Paeto distribution with different exponents. Rarking the distributions accading to
their exponert, ! (for reveruesthe valuesare: G=1.591; PG=1.814; PG13=1.661; R=2.274), shows that
Hollywood inveds disproportionably in R-rated films (about 52%), which is the group with the shorteg
reveruetail (higheg !). lIronically, thisisthe only group with stable meanand finite variance (2<! <3). As
De Vary ard Walls (2002, p. 450) write: @ studio seeking to trim O@wn-sideOrisk and increase OpsideO
possibilitiescando so by shifting production dollarsout of R-rated moviesinto G-, PG- and PG13-rated
movie0.

Fifth, another regponse isto learnhow better to market filmsto more differertiated niches Since movies
aremore and more digital from producerto theate, filmscanbe made in multiple formsaimedat
proliferating niches Films, like the proverhial Model T Ford, are all one colour (dedgn). In the digital age
producerscanoffer multiple movie dedggns for multiple tages For example, the profits of most movies
mostly deperd on the young female starlet; since they donOtost much (comparedto well-known stars it
would be eay to cag anAsian, AfricanAmerican Hispanic, and Caucasanin the role; each would Osll®
betterin eachspecific market; or let them compete! With digital filming and final edting, it is eay to insert
eachcharacter into whatisrealy just one movie.

A double-log graph of Hollywood box offi ce reverues shows a heanily truncated Paieto distribution (De
Vary, 2003). Near rark 100, the distribution shows a sharpdrop off with profit quickly approachng zero
around rarnk 500. Doesthe distribution reflectthe inherent quality of the moviesasperceivedby the crowd?
No! Accarding to Anderson (2006), the truncation is simply asign of bottlenecksin distribution. The
carnying capacity of the theatre systemis about 100 films. Lower rarked moviessimply fail to be shownin
thearesDfrom the point of box offi ce reverues they simply donOexist. A Pareb approachintroducesan
intereging twist in this story. If the natural form of diverse markets without bottlenecks is Pareto (asthe
music, book and other industriesnow show), thenfocus on theate distribution blocks the emegence of the
secand tail of the Pareb distribution Bthe niche-proliferation tail with lots of small everts. This Gnissingd
partis the space of potertial demard that Hollywood |eavesunexploited How could Hollywood move into
this space?As Anderson showsin hisbook, The Long Tail (2006), this requiresmoving from aneconomy of
consumerism to an ecaiomy of OpoducerismQwhich corregpond to a shift from aneconomy of hitsto an



ecanomy of some big hits and marny micro-niches Interedingly, and almost by defaut, the industry now
makesonly ~14% of its gross reverue from theatres (Epstein, 2005).

2.2 Managing Chris Anderson@ High-frequency, Low Cost @ ong TailGfor Profit

The ICT revolution over the pag 20 yeas hascreatedthe conditions for the emergence of a profitabe
complemert to the traditional ecanomy of high-volume salesoff store shelves thatis, the Obng tail Cof
business micro-niches (Andern, 2006). The tradtional ecanomy basedon high volume OitsOs a
consequence of the limitedcarrying capacity of convertional markets: products and serviceshaveto
compete for scarce distribution chamels, shelf space, advertising dollars etc. The tyramy of Okelf space®
associated with the cost of production creakesa minimum-caost barrier below which it is unproductive to
carry products. The allocation of scarce resources therefore, becomesone of the main taks of maragers
Sincethe ICT revolution allows maragers to get out from under these effects, tradtional market
assumptions and behaviours arebeing trarsformed

First, when products are limited, eachis desgnedto maximize potertial salesby appealing to the larges
possible consumerbase within a desgnated segmert Bthe 20%. This baseis built by taking the minimum
common denominator across heterogeneaus clasesof customers in effect, treating a population asa sum of
homogenrecaus entities(i.e., preauming limitedvariance). In aworld of scarce resources exploiting whatthe
average consumer warnts works. Thisleads intuitively to concertrating maragemert effort on the profitade
20% of products and ignoring the remaining 80% Bthe 80/20 rule. Secand, the profitahility threshold leads
to the definition of failure and succes. Products exceedng the profitahility threshold by the larged possible
amaunt define success. Conversly, failure signals lack of high sales The mentality of high-volume hits
comesto dominate marketing. Third, the 80/20 rule, whichis another way to express scarcity and
asymmetry of distribution, leads intuitively to concertrating maragement effort on the profitable 20% of
products and essertially discardng the remaining 80%.

Whendistribution, marketing, and search become cheap and easly availale, markets develop along tail
of proliferating nichescontaining fewer and fewer customers This altersthe balance betweenhits ard
micro-niches thereby causing the emergence of OunconstrainedOmarkets which show both tails of a Pareto
distribution: the long tail of the OitOproduct nichesand the long tail of diversified micro-nichesthat appeal
only to afew consumers The mearing of the 80/20 ruleis also transformed In the tradtional ecanomy, a
minority of products (the 20%) generatesthe majority of revenues(~80%) and virtually all of the profits. In
anecaomy of mary micro-niches every product generatesprofits evenif sold only once. Assuming that
the new Internet-based markets with physical plus virtual distribution chamels carry 10 timesasmary
products asthe physical distribution chain, (so the former 100% becanes10% in the new markets), the hits
(now 2% of the products) still accaunt for a disproportionate amount of revenuesand profits, but now the
previous unprofitalde 80% and the new tail both gererate profits in approximately equal fractions. The result
is the trarsformaton of the 80/20 rule. The bass of competition shifts from Oagrage-basedOminimum
common derominator maragemert seaiching for Oits(to business that catersfor the long tail of niche
products.

Thisis what Eric Schmidt, CEO of Google says about the Long Tail (from Anderson, 2006, p. 214):

‘The recognition that businesses such as ours show a Pareto distribution appears to be a much deeper insight
than anyone realizedE . When we looked at our business, we concluded that we built a model that works
particularly well in the middle of the curve. After reading the article [Anderson, 2004], we looked at the Tail
and asked ourselves: ‘How are we doing against this opportunityQ

Take a Pareto curve of the world’s businesses, ranked by revenue. Number one is Wal-Mart. So what is the
last entry? It turns out it’s a person in India with a basket selling something they made. The area under that
curve, which includes about a billion people, is essentially the world’s GDP. So start at the bottom and move up
the curve until you’ve got people with an Internet connection. They’re reasonably educated, they're a small
business, and they want to market their goods. And we ask ourselves, ‘what benefit can our model bring them to
increase their revenues?’ And the answer is that if we let them do business outside their own villages, they’re
reaching a larger market, have got more suppliers, better price competition, and so on.

There are a lot of reasons why this is slow to happen, mostly having to do with infrastructure. So let’s say for
the purpose of argument that we don’t focus on 90 percent of the people. That still leaves 100 million people.
The numbers are so large that you lap off a large chunk and it’s still a huge market’.

What do we conclude from the aralysis above? First, the natural shape of unconstrained marketsis
Paretan with two fat tails; (a) high-volume hits comprising one extreme; and (b) along tail of heterogeneous



micro-nichesat the other extreme. The fact that distributions of commoditiesarepower-law shapedis not
particularly new. Whatis new Bin AnderonOsaralysis Dis the argumert that the emergenceof virtual
Interret-based markets makesthe distribution of markets fully Paretan.® Secad, business models
aporopriate for opposite ends arevery different. The most succesful caesof the pag 10 yearsbthe
Googles eBays, and Amazons Dare extreme everts that have developed business models appropriate for the
other 80% of the Paretianworld. The quote by Google CEO Schmidt (above) shows that full appreciation of
the trarsition to Partianmarkets is still ongoing. Third, Anderson shows that the double-tailed distribution
of nichesand hits holds acrass sectors (music), gerre (classical music), sub-gernre (chamber music), and so
on. In other words, neged Pareto distributions give rise to self-similar markets, which areexpressed by the
statistical reqularity of power-law distributions.

>>>|nsert Figure 3 about here<<<
2.3 Managing to Lowerthe Cost of the 10% Chronic Homeless Tail

Nowhere is what isimportart to manage better illustrated thanin GladwellOsecert article for The New
Yorker (2006). We start with his data and storiesabout the cost of trying to solve the Obmeless problem,O
where QvhatisimportartOs so obviously differert. Gladwell givesvarious homeless numbersfor
Philacelphia, New Y ork, Boston, Derver, and SanDiego Band one in Nevada (Million Dollar Murray). In
Tahble 1 we use the 80%/20% ratio found in Philadelphia® with New Y orkOsost of housing and treaing the
homeless.

>>>|nsert Table 1 about here<<<

We donOtake space to show the graph, but Gladwell notesthat the cost of housing and treating the
homeless in severalcitiesis Pareto distributedand if graphedon double-log scalesshows a power law.

After his discussion from which we gererate the numbersin Tabe 3, Gladwell shifts hisfocusto how the
city of Derver decidedto deal with the very expersive Gail Oof its Pareb distribution of homeless costs. The
city has1000 OctonicChomeless. The cost Oa the streetCof their current method of housing and treaing the
tail of the distribution Bthe 1000 Baverages$45,000 per person peryea.

They got their new approachfrom Philip Mangano, currertly the Execuive Director of the U.S.
Interagency Council on Homelessness, which oversestwenty Federal Agencies Thebasc ideaissimple;it
is cheager to give a person like Million Dollar MurrayChis own room ard nurse thantreat him in the
prevailing fashion. Derver now Oecruitsits chronically homeless to take up resderce in roomsit provides
for free The cost of a city-paid room plus a staff of ten pegple to manage the homeless adds up to $15,000
per person and is expectedto reduce to some $6000 in the nea future Bthis comparedto the $45,000/person
using the tradtional approach The lesson isthatit is cheaperto take aradcally differert approachto
marage the tail of the distribution asopposedto the traditional method of doing what seemsreasonahe for
the 80% who stay in sheltersfor a day or two and donOtun up incredble medcal costs.

24 Managing Scalability B Seeing Butterfly-eventsin Timeto Do Something

In their book, Managing the Unexpected, Weick ard Sutcliff (WS) (2001: pp. 3P4) say that OEpeaple often
take too long to recognizethat their expectations arebeing violatedand that a problemis growing more
severe.. Managng the unexpected oftenoccusin the earlieg stages whenthe unexpectd may give off
only weak signalsO Their book is about how Qiigh-reliability firmsCsuch asaircraft cariersand nuclea
power plarts have leanedto pay more attertion to what Holland (2002) calls Giny initiating eventsCBwhat
we will call @utterfly-eventsQOn honour of LorerzOsglassic paper of 1972. The maragemert problem is:
How to transform butterfly-evertsinto Obitterfly-leversQ(see Hollard, 2002) that may be usedto stop bad
butterfly-events from spiralling into negative extreme everts like Cherrobyl, the Challenger disager or
Enron, or enable good butterfly-events to spiral up into positive extremedike Microsoft, Wal-Mart, Google,
IntelOgrocesor chip and the Internet (initiating butterfly-evert wasa computer-to-computer
communication betweenUCLA and University of Illinois). We now focus on the failure to seebutterfly
everts and leversin the UPO$Union Pacifi c) acquisition of the SP(Sauthern Pacfic) railroad We begn
with a short de<cription.

3 Brynjolfsson, Hu, & Smith (2006) show that the micro-niche long tail is explicitly due to Internet marketing.
* Gladwell reports on Dennis Culhane database on Philadelphia( distribution of homeless people.



Nearly total deregulation of Americanrailroadsin 1980 reducedthem from forty to ten. The UPOs
acquisition of the SP |eft the American Weg serviced by only two giart railroads Bthe UP being the larged
in the nation with 30,000+ milesof track (Union Pecific, 2008). Even before the merger, the risk of future
operaional problemswasreadly apparen. For example, most of the SP track (which wasthe primary route
betweenthe LA ship port and Houston), wassingle tracked, which meart trains could not pass eachother,
which thenmade it the primary source of congedion, delay, and increased customer shipping costs Dall of
which startedthe gridlock on the UP after the merger. In addition, the UP cut mary SP jobs outright. When
the remaining SP employees who hadalong history of gridlock on the SP, told their new UP bossesahbout
the SPproblemsand solutions that worked, they wereignored In their book, WS make special mertion of
the arrogance of UP maragerstoward @xpendadeGormer SP employees The acapisition occured in July
1996. UP claimedit would save $627 million. In fact Gy March 1998 delays in shipmerts had cost rail
customersapproximaitely $1 billion in curtailed production, reducedsales and higher shipping costsQ(Union
Pacfic, 2008).

To begn, we highlight someof the butterfly-everts on the Union Pecifi ¢ railroad (UP) that WS describe
(2001, pp. 4BD10) in Tabe 2 below. Herewe try to mertion only inciderts that areat the level of initial clues
Pthey are seemingly random everts that are essertially trivial and occur now and then under normal
circumstances no obvious reasons to assume scalahility.

>>>|nsert Table 2 about here<<<

The foregoing areexamplesof HollandOKiny initiating everts,Oour butterfly-everts. In Tabe 3 we now
paraghrase a number of higher-impacteverts that are set off by the butterfly-everts. Thes are eviderce of
scalahility. The small everts (above) spiralled up into scalab e everts (below) that evertually ledto system
wide gridlock Bthe ultimate extreme outcome. None of these everts could reault from a single isolated
butterfly-evert. The latter have to scale up Bspiral up Bvia some causal process such that they have broader
impact

>>>|nsert Table 3 & 4 about here<<<

Having described what we have reducedto brief descriptionsin the foregoing tables WS thendescribe
someof UPOsnaragerial regponse. We paraghraethesin Tabe 4.

WSOsdertifications of UP maragemertOdailuresareright on targetand, in fact, could be broady
apmliedto almost any kind organizatonal failure seemingly due to apparent maragemert failures In
particular, WS mertion:

¥ @arly and ample signs that the UP did not understandE (p. 8), and failures to detect that allow GEu nexpected
events to spin out of control.Q(p. 9)

¥ They suggest that managers need to Gt reat any |apse as a symptom that something isrwrpngE that could have
severe conseguences if separate small errors happen to coincide at one awful momentE .Q(p. 10)

¥ They say Qesilience is acombination of keeping errors smallE. Q(p. 14)

Managemert scholarsworry about case writerswho are Oheary ladenOPthey seewhat their theariestell
themto look for (Kuhn, 1970; Frarklin etal., 1989; Gubaand Lincoln, 1994). But the opposite may be true
aswell: One can’t see what one isn’t looking for. For us, scalability dynamics and their causesare what one
may not seeunless oneis better trainedto seethem Elsewhere(Andrian & McKelvey, forthcoming) we
de<ribe fifteentheaiesabout why scalahility dynamics occur. But it is not just about @eengOoutterfIy-
everts. As Holland (2002) observes it is about maragers learring to think about Giny initiating evertsOas
QeversCby which to either shut down negative scalakility dynamicsor erate and speedup positive
scalahility dynamics In Table 2 we list afew Qutterfly-leversCthat most obviously apply to the UP
circumstances to high-reliahility firmsmore broady, and to organizations in gereral. We describe their
amlicablity to maragemert in more detail in Andrian and M cKelvey (forthcoming).

In whatfollows, we briefly discuss how several cawsal dynamicsat the butterfly-evert level at UP scale
up into negative extreme outcomesthat maragers could/should gain leverage over.

1. Square-Cube Law: In organisms, surfaces absorbing energy grow by the square but the organism grows by the
cube, resulting in an imbalance; fractals emerge to bring surface/volume back into balance. (Carneiro 1987). This
scalability law was brought into organization theory by Haire (1959). Stephan (1983) translated it into QurfaceCand
QolumeOemployees. Surface employees deal with customers and bring in business and revenues. Volume
employees are those who administer and produce products and services. In the UP, then, surface employees connect
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to customers; volume employees fix tracks, sort trains in yards, dispatch and run trains, manage things, etc. The G
power law,Oinitially applied to blood flows in abody can also restrict surface or volume growth. Here, it applies to
flows of trains and goods over the tracks. From the merger with SP (Southern Pacific railroad), customers were
about doubled; trackage was roughly doubled Bbut train flows along any single track had to stay about the same;
for the merger to be approved they had to allow the BNSF railroad rights to run on ~3000 miles of track. Just from
knowing the surface-volume law, one can easily see that the railroad isimmediately out of balance. Even though
QurfaceOwas roughly doubled, single-track flows remained unchanged. Worse, volume employees were cut when,
in fact, the law calls for increases in either efficiency or number of employees. Knowing the surface-volume law,
one could easily predict the extreme outcome and then try to manage it away.

2. Combination/Breakage Laws: Normal distributions of different variables remain normally distributed if they are
combined (even becoming more normally distributed, in fact). But if somewhat skewed distributions are combined
(even just added together in terms of impact), they become more skewed. If several are combined, theresultisa
Pareto distribution. Let@ suppose that before the merger UP activities were normally distributed Dmostly things
worked as expected but with some random deviations because of events like the flu or storms. Thus, normally, train
crews are on time; trains are on time; locomotives are at the right location on time; repair and dispatch crews are on
time; locomotives and crews and other railroaders function effectively most of the time, etc. Then comes the
merger. Now each of the foregoing normal distributions become skewed. Since there are several, and since they
interact with combined effects, we see scalability with the result that the entire system becomes gridlocked rather
quickly. Because of the cumulative skewing, one could easily predict the extreme outcome and then try to manage
against it.

3. Preferential Attachment: Given newly arriving agents into a system, larger nodes with an enhanced propensity to
attract agentswill become disproportionately even larger, resulting in the power law signature (Y ule 1925, Barabisi
2002). This theory suggests that as the UP and SP social and work-related networks merged, some individuals
would emerge as more @onnectivelyGmportant in getting the new system and new ways of doing things up and
running. Prior dominant nodes could reasonably be expected to be replaced by new GtarsO Instead, the old-guard
railroaders kept themselves dominant and kept the old separate-railroad networks dominant Bthe old UP network
trying for dominance over both railroads; the old SP network in rebellion, passive resistance, and slow-downs.
Instead, both could have joined in a collective reframing of a new combined network. Managers aware of this
theory would expect network dynamics to change dramatically with the merger and would GnanageCtoward this
end.

3 CONCLUSION

We started the paper stressing AbbottO<laim that mary disciplinesin the social sciencesare subtly
influencedby the Gereral Realty Model, which hasreifiedthe Gaussianview ard given Gaussian methods
acertificafon of nearly universal validity and applicalility. We claim that the alternative Paretanview
givesamorerealistic represertation of the social dynamics. In particular, it affects the way we look and
concepualizethe following gereral quegions:

>>>|nsert Table5 about here<<<

How doesthis change in perspectve impacton the pracice of maragement? Thisis abig problem that
involvesa paradgm change in a Kunhiansense. In this paper the impact of the Gauss-to-Pareto trarsition is
shown by means of four paradgmatic examgdesthat serve to illustrate the four agects of (a) perception and
maragemert of risk in the movie business; (b) the change in strategy and business practicesreaulting from
the emergence of a constellation of profit-making micro-nichesin industriesbased on intangible products
and interretdistribution chamels; (c) managemert of an apparertly intractal e social problemsuch asthe
homeless in a moderncity; and (d) lessons from OmoulderingCrrisis and what canwe lean about the early
percepion and scalahility of Qiny initiating events’ in the prevertion of disruptive crises

>>>|nsert Figure 4 about here<<<

Figure 4 illustratesgraphicaly the change in pergective. In the first cas, maragersthat adopt the
Paretanview caneasly noticethatthe world they live in is not the dominated by the well-behaved Gaussian
mears and deviance but is insteaddominated by the radical uncertainty that characerize the tail of the
Pareb distribution. Oncethe Gauss-to-Pareto trarsition hastaken place the unbounded nature of risk is
immedately recagnized, the lack of correlation between main variabdesand box offi ce reaults becane
evidert and all maragement practicesbhasedon predctions of single everts arerejected, including
contracing basedon expectedreaults.

The emergerce of the Long Tail of micro nichesis something that appearsmysterious to a Gaussian
trained manacer. Thevlook at chamesthat hampenwithin afew standard deviations from the meanard
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expectthose changesto emerge viaa shift of the mean Reliance on the idea of the meanasa correct
represenation of reality pushesthemto develop minimum common denominator strategesto maximize
profits araund average consumers Unconstrained by diversty-limiting paradgm, Paeto maragersinstead
real se that change happensin the tails and that the non-existence of arepresrtative scale (or agent) creaes
acondition for the emergence of strategesthatrely on the aggregation of the nichesrather thanthe
aggregation of customersaround homogenous products. As Anderson (2006) points out, latert markets exist
every time that the rark-frequency curve looks truncated or, in other words, commaodity distributions ook
Oonrmalfonly because the long tail of micro nicheshasbeenignored

Managemen by averagng canbe misleadngly simple and dramaically ineffective asthe homeless cae
illustrates Whendealing with social issues Gaussian managersapply one-size-fits-all approach. The sizeis
determined by the average of the phenomeron. For instance,dealng with an epidemic Gaussianmaragers
assume constart contagon probahility and adopt blarket vaccination policy. Deaing with homeless, they
reducethe diversty of homeless to a non-existing average homeless ard provide an homogenous solution to
this non existing ertity. Managers warting to shift perspective discover that addressing the extreme casesin
the tail may be cheaper and more effective.

Finally, Toyota haslong beenknown for warting its assemby line workersto shut down the ertire line if
they seesomething thatis not right. Rochlin (1989, p. 167) notesthat on the aircraft carier, Carl Vinson,
OEary critical element thatis out of pace will be discoveredor noticedby someme before it cawses
problemg) Of course, not every random error or evert scalesup into extreme outcomes But asAndrian ard
McKelvey (forthcoming) show, scalahility is much more prevalert thanmast peaple arewilling to realize
but we seeno evidencethat scalahility hasseepedinto maragemert or organzation theary textbooks. The
UP Railroad shows that the adoption of a Paietianapproachhelp to marage scalahility and consequertly
revealthe connection betweenQ@iny initiating events’ and extreme everts.
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Figure 1. Gaussian vs Power-law distri butions
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Figure2: Budget, Revenue, & Profit in the US Movielndustry in 1999*
Budget: 1999

Revenue: 1999

Profit: 1999
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Figure 3: The Tail of Hits and the Long Tail of Micro-niches
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Tradtional markets (OitsOmarkets) show a truncated distribution of goods, thatis, goods that fall in the
1% power law regon. The characteristics of the markets in this regon areillustratedin the Figure under

thetitle: 1¥ power law regon. Long-tailed markets develop in the regon of latert demand space beyond

the cut-off point that constrains OftsOmarkets. The featuresof the long-tailed markets areshown in the
Figure under the title: 2™ power law region.

Figure 4. The transition from Gaussto Pareto in the four case studiesof sedion 2
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Table 1: Distri bution and Cost of Homelessa

16

New York City! Boston | Denver S.D. Nevada SD.
D},ﬁéﬁ;‘iﬂ‘;% 147k 98k 2500 2500 119 1000 15 1 1
) ) S ;
the services 1 night 2nights | Periodic Chronic people people people persona person
10% for 10% for
50% for 30% for $18.834 $45 $15
Costigrouplyear | ‘g9 700 | g12036 | 1386 $62 million | million | million
million million
Cost/person/year $66 $132 $4,158 $24,800 $31,650 $45,000 $66,700 $100,000 | $312,950

a Constructed from data supplied by Gladwell (2006).

I We apply GladwellOsiumberson homeless distribution in Philadelphiato NY C and its costs.

* Periodic = a 3-week stay periodically, with more in Winter; we esimat atotal of four.

Chronic = staying in ahomeless shelter most of the time and running up huge medcal costs.

a Million Dollar Murray isthe name givento a drug and alcohol addict who cost Nevada $100,000 for each

of 10 yearsbefore he died.

Table2: Butterfl y-Event-L evel Clues

1. Large cutsin personnel

3. Fatigued crews

5. Dispatchers unfamiliar with assigned territory

7. Speed of trains drops from 19 to 12 mph

9. Four employeeskilled in yard accidents

2. Crews on duty longer than the law allowed

4. Equipment not maintained

6. Shipments lost; can® be traced

8. Crews falling asleep while running trains

10. Not enough locomotives




Table 3: Evidence of Scalability

1. Shippers upset by delays getting worse & worse
3. Oct. 8; 550 freights standing still

5. Trains going in opposite directions couldn® pass
each other on a single mainline because sidings were

filled with backed-up trains

9. 1800 locomotives unavailable because they were
stuck in the wrong place

11. More engines sent to Englewood to unblock
system; but they just added to the blockage

2. Trains stuck on sidings without locomotives

4. Stalled trains meant crewsOduty time expired

6. Since most stalled trains were pointed toward the
Englewood yard in Huston, no trains could leave

Englewood because of the blocked mainlines

10. Sorting of cars into trains by destination was
centralized, thereby exacerbating the delays

12. Denial of failuresrepeated at al levels of the
hierarchy

13. (’he system was gridlocked as far away as ChicagoO (WS, 2001, p. 6)

Table4: Evidence of Management Failures

1. Old-line operations guys were running the railroad;
CEO started as abrakeman

3. Ignored early warning signs
5. Didn® organize to detect them
7. Mentality: UP is the victim not the culprit

10. CPrepccupation with success and its denial of
failuresEr epeated at al levels of the hierarchyQ(p. 11)

2. Blamed blizzards, track work, flash floods,
derailments, Hurricane Danny, poor maintenance

4 Failure to articulate important mistakes
6. Allowed events to spin out of control
8. (risis times treated just like normal timesQ(p. 17)

11. QJP executives neither looked for failures nor
believed that they would find many if they didQ(p. 11)

12. &lowdowns were underreported and allowed to incubate until they were undeniable & E irreversibleQ(p. 11)

13. People keep mentioning intimidation, a militaristic culture, hollow promises to customers, abandonment of
workarounds, production pressure on train crewsk .Q(p. 14)

14. ’he UPEf avoured centralization and formalization and treated improvisation as insubordinationQ(p. 15)




Table5: Gaussian vs. Paretian Regponses to Key Quegions

Gaussian M anager

Paretian Manager

What is the probability of
occurrence of extreme
events and how important
are they in shaping the basic
features of social systems?

Extreme events a few standard
deviations away from the average
are so rare that it is safe to ignore
them. Also social systems evolve
by slow accumulation of small
changes (gradualism).

Extreme events are much more likely
to occur and with bigger magnitude
than linear science wants to think.
Also the basic features of social
systems emerge quickly during so-
called punctuation periods (radical
change periods).

What is therole of Giny
initiating events(TIES) in
the development of extreme
events?

Big changes must be caused by big
causes. Big disasters by big
shocks. Causality matters. TIEs
are irrelevant!

Life is inherently nonlinear. Google
didn’t exist 10 years ago. It started
with better search software. From
there it invented a brave new world.
Spotting TIEs early can facilitate new
Googles and/or prevent new Enrons.

Isthe diversity of social
systems and business
phenomena bounded or
unbounded?

The diversity of social business
phenomena is captured by normal
statistics. It is usually possible to

represent the diversity by means of

a mean and the variance around
the mean.

Diversity is unbounded. Most often
means are unstable and variance is
practically infinite. This results in
long tails. The centre of a Pareto
distribution can at best capture the
past. The tails of the distribution are
where innovations occur.

Can we predict business and
social transformations?

Yes! The number of outcomes of a
business initiative is finite. The
tails of a Gaussian distribution are
fundamentally finite. Therefore,
given enough knowledge and the
availability of relevant
frameworks, prediction is possible.
Statistics and probability theory
are the tools to use.

Given the nonlinearities and
emergent properties prediction of
single events is impossible.
Quantitative methods are to be
complemented by qualitative/intuitive
approaches.
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