O 00 N o un

10
11
12
13
14
15
16

17

18

19

Success From Satisficing and Imitation: Entreprenets’ Location Choice and
Implications of Heuristics for Local Economic Devebpment

[version January 2, 2011]
Nathan Ber§

Abstract:This paper presents new data on entrepreneurs’destribed decision processes
when choosing where to locate, based on scripteshiews with 49 well-placed business
owners and senior managers in charge of locatiania#h Consideration sets are surprisingly
small, especially among those who are succesgfttording to entrepreneurs’ own accounts,
locations are frequently discovered by chance. Erttepreneurs describe decision processes
that compare marginal benefits and cost of contigisearch, and several speak explicitly
against the usefulness of applying probabilistibdée to one-off events in a changing
environment. Nearly all interviewees describe laathoice decisions based on fixed threshold
conditions, providing direct evidence of satisfgcinmitation is beneficial for small investment
projects. The data regarding entrepreneurs' decigirocess suggests a need to rethink

standard policy tools used to stimulate local ecoimodevelopment.
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Success From Satisficing and Imitation: Entreprenets’ Location Choice and Implications

of Heuristics for Local Economic Development

Section 1: Introduction

This paper takes an empirical approach to desgithia process by which business
owners make high stakes decisions about where&dddheir businesses or new branches of
existing businesses. Rather than assuming thatidmcchoice necessarily results from a process
of optimization, this paper uses a scripted in-depterview of 49 entrepreneurs (i.e., business
owners or senior managers with personal capitasiatvhen making location choice decisions)
in the Dallas-Forth-Worth greater metropolitan &réEhe interview script elicits information
about the size of business owners’ consideratits) 8 criteria they use to stop searching, and
the criteria used to select an element from thaisaeration or choice sets.

The interview data reveal three main findings.strientrepreneurs' consideration sets for
high stakes decisions of where to locate are exdigsmall—much smaller than is predicted by

many search modefs Second, rather than beginning with large-salecket@ populate their

2 Compared with surveys, interviews are a decidadly-standard data source within economics (Yon@§02
Yonay and Breslau, 2006). Nevertheless, intengawlies have appeared in the economics and bugnessmics
literatures, confirming some of the standard asgiome while casting doubt on others (Schwartz, 1®wvley,
1999; Schwartz, 2004; Wennberg and Nykvist, 200f®se papers argue, in addition, that intervieva datves as
useful source material for developing new econaheories as well as for testing established theory.

3 A possible objection to this claim is that entexpeurs are in fact optimizing in response to vargé time or
information costs. This is a potentially importaxplanation about which the interview script ldispecifically

elicits rich descriptive information. None of thetrepreneurs (who were generally sophisticatedtatuantitative
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consideration sets with long lists of alternativesurprising number of real-world business
locations are apparently discovered by random ahaswehile entrepreneurs are involved with
unrelated business activities or during leisureetinthird, the criteria used by business owners
to finalize decisions and choose a single elentem their consideration sets are almost always
stated as fixed cut-off rules, which | interpreteagdence of satisficing heuristics. In addition,
the data reveal that, for purposes of designingies! and other incentive schemes that facilitate
local economic development, process models (inraehto as-if models) lead to new normative
implications for business tax policy.

In search models that produce optimal stoppingsrbsed on constrained maximization
using the probability of success or some scalanedkexpected payoff as the objective function,
it is rarely optimal to search through all itemghe choice set (Stigler, 1961; Gittins, 1979;
Lippman and McCall, 1979). The process of optirtizain search models requires, however,
exhaustive consideration of all durations of seanth all paths of search (in cases where the
path is not exogenously given, as it is, for exampl the canonical "Secretary Problem" [Bruss,
1984]). Optimal search models with variable paytypically require, in addition, that decision
makers have probabilistic beliefs about the pagefierating stochastic process, which lead to

stopping rules that adjust systematically to easfu piece of information acquirédWithout

financial measures such as rates of annual rehdmat present value) mentioned quantifying theseterl benefit
of further search or produced any measures of ofsie, information or deliberation. And noneclissed
adapting the threshold rules they apply as théirination accumulates (e.g., increasing searatfdrimation about
a new and unknown neighborhood were freely providedn response to institutional shifts in the rorment
(e.g., new tax incentives for investing in a neigtitmod about which they currently possess little@information).
* Gittins' (1979) index approach handles sequeaktiaice among unknown distributions (i.e., indeperige

evolving distributions in the case of the multi-&drbandit problem, and jointly evolving distributiin the case of
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considering all durations and paths of search vatitbut forming probabilistic beliefs needed to
associate an expected payoff to each combinatisearich duration and search path, there is, in
general, no way to be sure a global optimum isexed® The combinatorics of exhaustive
search through the universe of all possible sedchtions and search paths results in an even
more formidable optimization problem than thosewdel from textbook models of consumer
choice that assume costless and instantaneou$ s#ait items in the choice set. This has led
some critics of optimal search theory to consid@pter models of search that achieve both
superior descriptive validity (e.g., Bearden, Ragbpnd Murphy, 2006) and superior
performance when simple heuristics are well mat¢bete environments in which they are used
(Bookstaber and Langsam, 1985; Gigerenzer, Todh&ABC Research Group, 1999;
Gigerenzer and Selten, 2001; Goldstein and Gigere2909).

Economists often argue that the very essence oioecias is the axiomatic assumption
of optimization. Looking at the world under theepumption that all observed behavior derives
from a process of constrained optimization, howewgroduces strong restrictions about what
can be inferred from empirical observation and tariig/ely influences prescriptive advice for
private agents designing incentive contracts afdippolicy makers. In the context of local

economic development, if one observes a secti@ncdly that, for years, does not attract

the so-called restless bandit problem). The damisiaker's objective function, however, dependa termination-
probability parameter, assumed to be known, wtsaleieded for integrating information from previous
observations and updating beliefs about the unkn&tachastic processes that generate rewards.

® Locally comparing marginal benefit and marginatcamong pairs of search durations and search jsaths
sufficient for a global optimum only after introelng strong auxiliary assumptions (e.g., those ghiarantee
globally diminishing marginal benefits) which implyat the decision maker has an instantaneousasildss view

of all search-duration and search-path combinatard their functional relationship to payoffs.
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business investment, the universal assumptionptimazation implies that this absence of
commerce must result from a lack of profitable appaties. If no one is investing in a
particular neighborhood, after all, the logic otiopzation requires us to conclude that it must
not be profitable to do so. The data in this pajaest doubt on this logic. The data also reveal
how descriptively false models of location choie& ¢ead policy interventions to fail at
attracting new investment (e.g., tax incentivesiioesting in stigmatized neighborhoods).
Modest incentives that attempt to induce additioamatstment in particular locations by
increasing investors' expected return have littlence of attracting new investors to isolated
locations that never make it into their consideragets in the first place.

A typical story is this. One of Dallas' promin@emmercial high-rise and residential
real estate developers described bumping intoge |Jamdeveloped tract of land while driving to
play golf in a northern suburb: “The idea struck @sd was driving by that area that it could be
developed into a property of note. | told [my spejuto drive by to get a feel for the area. We
liked it. It felt right. Then I ran the numbensdit looked like we could get at least 20 percent
annual return on capital within two or three yearfat was enough to make it worthwhile to go
ahead.”

It is interesting to reflect on what is ruled oytthis description. There is no exhaustive
search through thousands of potential locationsadtednative allocations of investment capital
to ensure the highest possible ratio of returnsta rThere is no mention of benefits and costs
associated with continuation of the search procgéé& business owner’s subsequent
elaborations indicated that the information requiice compute the net value of continuing

search was simply not available and instead a filkezshold condition was applied. Based on
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intuition together with quantitative data showihgt the simple threshold was met, that by itself
satisfied the stopping rule and terminated thectephase, finalizing the decision to invest.

Landlords investing in mall properties talked ab@guiring an 80 percent occupancy
rate within a year. Gas station and convenierme shvestors talked about requiring at least 10
percent annual return on capital within one or yiears. Nearly all business owners stated the
decisive factor in their location choices as amuadity: “If | think | can get at leastreturn
within y years, then I'll do it,” wher& is a prominent number (e.g., 1, 2, 5, 10, 15, P05 100
[see Pope, Selten, Kube and von Hagen (2009) foe o prominent numbers]).

Standard economic models (including many searchetapdtated in terms of calculus
require that marginal benefit (approximately) equakginal cost as a necessary but not
sufficient condition for an optimal choice. No aneour interview data mentioned such a
condition or described using a decision rule tloppages any two quantities. Rather,
entrepreneurs' reasoning was characterized byidegsocedures stated in terms of simple
thresholds or cut-off rules (i.e., satisficing).

Additional findings to emerge from entrepreneuesdaiptions include two less-is-more effects.
The decision processes they describe typicallydaruone, two, or three pieces of information.
Those who avoided too many types of informationeappo have a greater chance of meeting or
exceeding the return they expected at the timawedstment. Second, a decision-tree
classification model that predicts self-reportedq@enance (i.e., falling below, meeting, or
exceeding expectations) achieves a surprisingly rate of out-of-sample predictive accuracy—
more than 80 percent—and more than 90 percentaogunr fitting. In contrast, maximum-
likelihood estimates (i.e., from ordered probit rals)l have rates of accuracy uniformly below

50 percent in fitting (and considerably worse fat-of-sample prediction). By comparison, the
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rate of accuracy when predicting the three-valugaeddent variable by random guessing would
have an expected value of 33 percent. By usirgjitdsrmation, the non-compensatory
classification tree model predicts performance sithstantially greater accuracy, similar to
previous studies of consumer behavior such as Makean, Hauser, and Orlin (2007).

There is a debate within behavioral economics aworieg how to interpret such
findings® When the predictions of standard theory do ndtmevhat is observed in the
laboratory or the field, one common interpretai®that the people are making mistakes. Some
behavioral economists go as far as suggestingdtbatandard rational choice model enjoys
exclusive normative authority and that educatausjriess schools and lawmakers should seek to
“de-bias” people who fail to conform, modifying thbehavior to be more in accordance with
theories of optimal choice and axiomatic ratiolyalé.g., Jolls, Sunstein and Thaler, 1998).

A very different conclusion based on the same oleskdisparity between standard
normative decision theory and actual human behakmwrever, holds that discrepancies
between theory and observation should motivateecotin of additional descriptive data to

record in detail the decision procedures actuallyse, especially among those who perform

® A fuller account of the normative debate takinggel within behavioral economics is in Berg (200B,® and
Berg and Gigerenzer (2010). In contrast to J8lig)stein and Thaler's (1998) interpretation ofatians of the
standard theory as pathological, several papensndet that markets with biased beliefs (Berg areh| 2005) or
nonstandard behavioral procedures (Berg and Gigere#007) can outperform economies populated bytag
who conform to the standard normative theory. hitindividual level, Berg, Biele and Gigerenzerl@pand
Berg, Eckel and Johnson (2010) present evidenoambved performance among individuals who viok@®ms
of internal consistency upon which the optimizatioadels are based. This raises the issue of wheadns to
make a good decision and whether standard rattgrzadioms provide a useful basis for prescribingvhpeople

ought to make decisions, which are discussed below.
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well in their respective environments. By deserghbihe reward structure of environments and
the decision processes that match them well, ecatliytgrounded normative assessments can be
made based on the principle of ecological ratiopaéither than axiomatic rationality

(Gigerenzer and Selten, 2001; Smith, 2003; BergGigdrenzer, 2010).

When behavioral models are introduced, the metloayodf behavioral economists
typically adds parameters (e.g., representing bjakerision costs, or random noise) to otherwise
standard constrained optimization models, ratham thsting or substantively modifying the
axiomatic assumption of constrained optimizatidihis purportedly descriptive work based on
the axiomatic assumption of as-if constrained oftition reinforces prescriptive advice about
how business decisions ought to be made--wherenuonfg to standard normative assumptions
is presented as the gold standard of rationaliity) adages such as “Consider all the
alternatives,” “Look before you leap,” or “Be suceconsider all the trade-offs.” While standard
search models qualitatively succeed in predictiangial search as well as the use of threshold
conditions as stopping rules, those models geryguedidict rather large consideration sets (e.g.,
the well known rule from the Secretary Problemesdrshing at leasit/3, or 1/e, of the elements
in the choice set). In contrast, experimental ena® frequently reveals that human subjects stop
searching well before the stopping point prescribgdptimal stopping rules (e.g., Bearden,
Rapoport and Murphy, 2006). The data presentami\béémonstrate that, among successful
entrepreneurs, larger choice sets and more infawmate, if anything, negatively associated

with performancé.

" By interviewing established entrepreneurs who afgegoing concerns, the sample is clearly subgect t
survivorship bias and not representative of altepreneurs. The goal of statistical modeling ipseguent sections

is to provide an empirical account of decision psses in location choice among owners of going @mise
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Documenting decision procedures that successftgé@mneurs use draws motivation
from the methodological approach of three Nobelrkates--Herbert Simon, Vernon Smith and
Reinhard Selten--which focuses on empirical (rathan axiomatic) evaluation of normative
decision making. Whatever the decision processed by entrepreneurs turn out to be, this
paper is based on the premise that students afdrssipsychology, and economics have a lot to
gain from learning how entrepreneurs (with a rolvasbrd of operating a going concern in the
real world) collect information, process informatjstop their search processes and make
decisions. Rather than merely documenting yethanateviation from axiomatic rationality and
interpreting it as a human foible or systematidtiéton of human decision making, this paper
seeks to describe in detail what it is that sudoébsisiness owners do when choosing where to
locate. This attempt at empirical normative analgpplies the principle of ecological
rationality by analyzing differences in unanticigatreturns among successful entrepreneurs and
associating these with the degree of match betweeheuristics they use and the features of
their decision-making environments.

The paper proceeds as follows. Section 2 desctiifgesiterview data collected from
2007-2010 and presents findings about the verylsioasideration sets that sophisticated
business owners use when choosing locations. dpegfiilters these entrepreneurs’ data
regarding self-reported performance (i.e., whethey are falling below, meeting, or exceeding
their expected rate of annual return on capitajgisompensatory linear-index models and non-
compensatory decision-tree classification mod8&lsction 4 interprets these findings in light of

local economic development policies commonly patvrd on the basis of the standard

associating the quantities of information they ubeir capital investments, the heuristics they, ase the sizes of

their choice sets with self-reported investmeninret
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economic model. The importance of making it inéezidion makers' consideration sets and the
consequent shortcomings of tax incentives are disrussed with a focus on how to achieve
business development goals by matching the deemaking processes actually used by
entrepreneurs to newly designed institutions. i8ed& concludes with a brief interpretation of

these findings.

Section 2: Interview Data

Data were collected using a convenience sampletiaggwell placed business owners or
senior management in charge of location choicevdtidpersonal capital at risk in the choice of
location. All 49 respondents risked substantiatpeal capital in the investment projects they
recounted in interview’. Those interviewed included developers of promiméfice high-rises,
malls, grocery store chains, major chain convergestores, independent convenience stores, gas
stations, sporting goods stores, veterinaries, emalls, bars that feature live music, and
retailers selling furniture, paints, laundry seedcand restaurant owners. Confidentiality was a
concern for a number of those interviewed. Somesiiee numbers about the details of their
investments were discussed and then grouped istoedé categories, summarized in Table 1.

[Table 1 about here]

8 A total of 53 interviews were conducted, whichlirted four other experts on location choice whorairisk
personal capital in the location choices they dbedrand were therefore excluded from the quantgatnalysis.
The excluded interviews did, however, reveal a nemna interesting insights from consultants withemsive
experience on a large number of location choicésaets. They included two bankers who make busitesss for
a major US bank in Dallas, one location choice atiaat with a number of large clients, and a senf€cial in the

City of Dallas’ Office of Economic Development. &wding these four left a sample of 49.

10
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Table 1 provides descriptive statistics for bussn@sners’ location choices. Projects are
consideredarge if total investment capital at the new locatiocresded 1 million dollars and
smallotherwise. Among the 49 projects, 17 (a littleoa third) were designated as large.
Participants were asked what kinds of informatimeytconsidered relevant when making
location choice decisions. The number of typemfmirmation mentioned in this open-ended
description is coded as the variable # Types arimétion, which ranges from 1 to 5. To
illustrate how this variable was coded, consideexqmected return maximizer whose objective
function is independent of risk and all other aspef potential investment projects. The
expected return maximizer would be expected toamdpo questions asking for a description of
all information relevant to the location decisiondescribing only the expected returns of
different locations in the consideration set ammthsequently, coded as # Types of Information =
1. Similarly, an expected utility maximizer withean-variance preferences would be expected
to discuss only return and volatility of returndyieh would be coded as # Types of Information
= 2. If, in addition, an interviewee mentionedeside to locate near other retailers or in
neighborhoods with particular demographic charasttes (for reasons other than their influence
on return and risk), then the number of types fdrimation would increase. Follow-up
guestions were used to avoid double counting bsirigaout connections between each new
piece of information mentioned and those mentigmediously by the interviewee. In the
prediction models presented in the next sectiaa Mériable is dichotomized as an indicator
variable labeled Quantity of Information, codingrepreneurs asi-info if they mentioned 4 or
more distinct types of information needed to mastedhlocation choice decisions, alogv-info

otherwise.

11
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The variable # Locations in the Consideration Seine of the most interesting pieces of
evidence collected in the interviews. Nine owrdggscribed a location choice process in which
only one location was considered. The modal respavas a consideration choice with three
potential locations, which describes the choice 820 of the entrepreneurs interviewed. A
frequency distribution for this variable is presghbelow. The next row in Table 1 labeled
Consideration Set (Large/Small) dichotomizes tlze s the consideration set, such that
consideration sets with strictly more than thresrednts are designatedlasge, andsmall
otherwise.

The next three binary variables code entreprenaettdescribed decision process
relating to a specific location choice. These binariables indicate whether interviewees, at
least once, described a process of maximizatipnoeess of satisficing, a process of imitation,
or any combination of those three. Perhaps sumgtis the language of superlatives (i.e.,
finding the “best”) was infrequent in owners’ deptions of how they chose their location. One
interviewee described both processes of maximiaatial satisficing. And every respondent
described satisficing thresholds. A strong maydi39 out of 49) described wanting to locate in
an area where other businesses were already amided as imitation.

Five other characteristics of business owners laaid investment projects were recorded,
which have special relevance to local economic ldgweent policy. A potentially statistical
control (elicited from each entrepreneur) is thenbar of competitors in the Dallas area. Table
1 shows that this variable ranges from 0 to 5, withvalue of 5 indicating a response of "5 or
more" competitors.

Dallas’ South Dallas neighborhood is thought ohtgny Dallasites as a low-income,

high-crime area that many business owners woulémesnsider as a potential location. As one

12
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respondent put it, “The city could offer subsidéesl incentives until my rents are entirely free,
and | still would never consider locating my bussé South Dallas.” This respondent
mentioned high crime, the stress that he beliekedbuth Dallas environment would have on
his employees, and a general sense of anxiety miingepublic orde. The variable labeled
Transformation of South Dallas Possible measurels eaner’s subjective assessment about
whether urban revitalization, gentrification, ostined improvements in economic growth, are
possible for South DalldS. Only 11 of 49 respondents responded affirmatively

The major policy tool considered in recent decddesimulating growth in
neighborhoods that seem to have trouble attratiirsiness investment is tax incentives. The
interviews revealed great skepticism—among busioesgers—about this approach. Only 3
respondents stated that tax incentives “might” aadtlhem to consider investing in South Dallas.
As the earlier quotation suggests, most responaenitd need something altogether different—
a transformative signal about opportunities in Sdbdllas—to include South Dallas in their

consideration sets.

° Whether this is founded in statistical realitiesi important issue not addressed in this papeere is evidence
that much of the crime in South Dallas neighbortsiedtconcentrated within one or two addresses mwihiensus
blockgroup, which raises questions about how fa# o characterize an entire neighborhood witmerstatistics
generated by only a few residents. Evidence sugdjest perceptions and fears are exaggeratedveetatactual
crime frequencies. (See the discussion and Daflasific citations on this point in Berg and Murtp2008).

9 Some residents and advocacy groups working tacattnvestment to South Dallas do not aim for gécation
and worry openly that, if and when a wave of inrestit comes to that neighborhood, rents will malee t
neighborhood largely unaffordable for long-timeidests. The goal of the interview item was toiebeliefs about
how likely it would be, and under what conditiotisat substantial levels of commercial investmentilddlow into

to South Dallas.
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Another important policy tool for local economicvédopment is public transportation.
Dallas has invested substantially in building neght rail lines from the northern suburbs to
provide greater access in and out of South Daldso#her neighborhoods that, in recent
decades, do not appear to attract large in-flowsoofresidents for daily commercial activity.
Only two respondents said that the location of pulshnsportation influenced, or would
influence, their location choice decisions.

Finally, because of local economic developmentistuthat have emphasized the role of
artists in predicting new business starts, patppli@tions, and other measures of local
economic development, all interviews containeduson items about the arts (Florida, 2002;
Frey, 2005). Nine of the respondents owned prejdicectly connected to Dallas’ arts scene.
Many others described positive spillovers fromEradlas arts scene to the world of commerce,
and sentiments among the entrepreneurs were sgromfglvor of arts and their role in local
economic development.

The final three rows in Table 1 describe an ordeliedrete outcome generated by
participants’ responses to this question: “In thestmecent year of operation, would you say the
rate of return on your investment is below, meetorgabove, the rate of return you expected at
the time you made the decision to choose your ntitogation?” | could have analyzed the
actual rate of return. But because different mtgjdave different risk levels, the most
meaningful outcome for this analysis with a heterapus sample of different kinds of
businesses is to ask whether actual return is helbave, or just meeting the expectation that
owners had at the time the location decision wadem& he interviewed group is, according to

their self reports, generally successful at meatingxceeding expectations. Only 29 percent

14



269  had returns below expectations. 33 percent mezaapons, and 39 percent exceeded

270  expectations.

271 The next section uses ordered probit statisticalegt®mbased on a linear index that

272 weights seven predictors summarized in Table ¥edipt the three-valued dependent variable
273 based on investment returns during the previous (yea annual return is below, meets, or
274  above expectations). The predictive accuracyisfdtandard linear-index model is then

275  compared with the predictive accuracy (in fittimglaout-of-sample prediction) of a non-

276  compensatory classification tree based on a thefdnguristics and their match to the business
277  investment environment in Dallas.

278

279  Section 3: Statistical Models of Business Perforcean

280 The first step in this section is to estimate afeoed probit prediction model as a

281  benchmark of predictive accuracy. Letspresent whether the recent year’s returns dosvbe

282  (yi =-1), meet (y= 0) or exceed (¥ 1) expectations at the time the location deniswas made.
283  The following linear index, using seven variables able 1, serves as the unobserved latent
284  variable™

285  Y* = [3; QuantityOfinformation+ 3, SizeOflnvestment 3 Imitation + 3, ConsiderationSget

286 Bs Ncompetitors+ 3¢ Artsindustry + 37 PublicTransportinfluenced &,

" The count variables from which dichotomized intticavariables were constructed are of course othttieavoid
repeating the same information in multiple rightitiaside variables. Maximization and Satisficing amitted
because these variables have little or no variatitransformation of South Dallas Possible bearthroretical link
to business performance and is therefore omitlek Incentives Matter is likely to suffer from emgdgmeity
because taking advantage of tax incentives direftécts investment return. That leaves the reimgiseven

variables from Table 1 that are included in thedinindex.
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whereg; is a standard normal random variable, and theffcparametersgt; andp, partition the
range of Y* into three discrete categories codeg;by

Pr(y = -1) = Pr(Y* qu); Pr(y = 0) = Pr{11< Y* <pp); and Pr(y= 1) = Prp2< Y*).

The nine parameters denoted with Greek symbolef#xore;) are estimated by maximum
likelihood and the model's fit is measured as fefio Replacing all parameters in the theoretical
latent variable equation with their estimated valaad replacing; with its expected value
(conditional on the predictors) of zero, predictatles of Y* are computed for each
observation, denoted ¥#9. Next, these predicted values are mapped intmatgil probabilities
for each of the three dependent variable outcodemted p; , i and pi; , respectively:

Pai = (ko - Y*P'*U); poi = Dz - Y*'Y) - Oy - Y*Y); and pi = 1 - (- Y+
Finally, discrete dependent variable predictiorsd®fined as the outcome with the maximum
fitted probability:

y*i = argmaXe 1,0, 13 Bji
which provides a benchmark of predictive accuractha percentage of observations i that are
correctly predicted (y*= yi): 46.9 percent. Out-of-sample prediction ratessvg®@mewhat
lower, although still better than the chance rdtacguracy for a three-valued outcome which
would be 33.3 percent.

Yee, Dahan, Hauser, and Orlin (2007) use non-cosgiery classification trees to
predict consumers’ decisions when choosing celhpeoThey show that non-compensatory
trees perform significantly better than compensalioear models do. Spanning a wide range of
literatures from operations research to psycholtdgy advantages of using fewer predictors is
well established, revealing interesting less-is-argffects relevant to the data presented here

(Hogarth and Karelia, 2005, 2006; Baucells, Caoastw Hogarth, 2008; Goldstein and
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Gigerenzer, 2009). Gigerenzer, Todd and The ABG&es Group (1999) show less-is-more
effects from specific decision heuristics in batalrworld and simulated environments, and this
is given additional theoretical justification in Beand Hoffrage (2008), demonstrating that
ignoring information and conditioning on a smalhmaer of factors is consistent with payoff
maximization.

[Figure 1 about here]

Inspired by this work on non-compensatory decisiaking, where one predictor can
completely over-rule all others, a non-compensaitorgstment return classification tree was
constructed using a strict subset of the availatfgmation, depicted in Figure 1. The tree was
fitted using MATLAB classification tree algorithmachieving a within-sample hit rate of 45 out
of 49. Next 10,000 samples using 2/3 of the dasewandomly drawn; new prediction trees
were fit; and out-of-sample hit rates were compuigidg the remaining 1/3 of the observations.
The mean out-of-sample hit rate was just over 808065 with a standard deviation of 0.0997)
easily beating the corresponding hit rates foratttered probit model by well more than three
standard deviations.

According to Figure 1, a business owner who tagesnuch time collecting many
different kinds of information will perform belowarage (the right terminal branch at the top of
the tree in Figure 1). Half of the 14 projectshalielow-expectation returns are concentrated at
this node of the tree, classified solely on thedakpaying attention to what can be interpreted
as too much information rather than focusing onhidwedful of attributes that matter most. The
tree then bifurcates into small versus large inmest projects. Large projects at locations
chosen without imitation appear to perform bettantthose chosen with imitation, suggesting

that contrarian heuristics for large projects maybneficial. On the other hand, imitation for
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small projects by entrepreneurs with small cho&ts,svho seem to have made something that
could be described as a snap decision regardirgido; had better-than-expected returns.
There were 17 projects at the above-expectatiods (low information, small project, imitation,
small choice set), 16 of which fit correctly. lontrast, the 6 low-info small projects at locations
chosen by imitation using large choice sets (aWbich fit correctly by the tree model) reveal
another less-is-more effect, in that larger cheiets were associated with below-expectation
returns.

On the left-most terminal node (following the brarow-info/small-project/no-imitate),
five observations are predicted to have returnsrtteget expectations, four of which are accurate.
The model suggests that small projects which domibate will meet expectations when they
have small consideration sets, which likely measiagithe “obvious thing” (e.g., following
local zoning to locate in a central business aféa)smaller projects, imitation can exploit
information that was collected by others (theredwirsg the own costs of collecting that
information anew), resulting in agglomeration thretkes it easier for customers to find retails
(e.g., locating a gas station near other gas swtar a restaurant near other restaurants). For
large investment projects, however, imitation doespay. Perhaps large projects benefit from
boldly going somewhere no others have bet on befdhee model suggests that, for sufficiently
large projects, ignoring what others are doing getes higher returns than conditioning location
choice on the locations of others. Thus, the tptale effects of imitation on performance are
reversed for small versus large projects, a findevgaled clearly in the non-compensatory
classification tree but which would have been ogaqua compensatory linear model without

interaction terms in the econometric specification.

18



355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

The classification tree in Figure 2 makes predngibased on the three principles: less is
more when collecting information upon which to badggh stakes decision; large projects
benefit from originality whereas small projects b&infrom a heuristic of imitation, reflecting a
principle of ecological rationality; choosing frasmall choice sets is quicker, leads to less
regret, and focuses on the high-stakes questiarnaf belongs inside the consideration set
(Gigerenzer, Todd and the ABC Research Group, 188ferenzer and Selten, 2001; Schwartz,
2004). The information-frugal model in Figure Ireatly fits 45 out of 49 observations (92

percent accuracy).

Section 4: Location Choice and Implications for &bEconomic Development

There is an unmistakable normative interpretabioilt into the assumption that all
observed behavior derives from constrained optititiad® Since all opportunities for individual
improvements in payoffs have been exhausted, hyngst#on, in a model with optimizing
agents, there can be no role for entrepreneurarsup unexploited opportunities that are yet to

be discovered. As a consequence of the optimizaissumption, locations with little or no

12 Berg's (2003) “Normative Behavioral Economicstéstigates how policy conclusions are tacitly binilo
purportedly descriptive models. This methodologazemplaint was raised before the US Congress thcen
Nobel Laureate Robert Solow. He complained thatroeconomic models (in this case, the Dynamic Stsiat
General Equilibrium model), which are used to miakgortant macroeconomic predictions, rule out thesim
important features of the macroeconomy that ecosisnshould be working to improve. For example, el®avith
equilibrium in labor markets rule out involuntangamployment. And so-called representative agemtatsowhere
the entire economy's key aggregate outcomes areletbds if they are guided by a single decisionenatannot
explain fraudulent behavior in the financial sedtwt played a role in bringing about the econoanigsis which

began in 2008.
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business activity are interpreted as lacking afifable opportunities. The data in this paper
suggest alternative explanations and raise thelplitysof profitable opportunities in locations
that remain unexploited over sustained periods.

The premise that neighborhoods with little commesatéer from a lack of profitable
opportunities would undoubtedly be true if investsystematically and exhaustively considered
all elements in their choice sets (or independestlysidered all search paths with positive
expected net value). Under such assumptions,itbereation that few businesses are present at
a particular address would indeed imply that mawestors had undertaken independent benefit-
cost analyses and, each time, came to the conoltisi it was unprofitable. The interview data
speak against this scenario, however.

Rather than justifying the conclusion that manyeipehdent negative assessments on the
part of entrepreneurs gave rise to the commercawdepneighborhoods we observe, the
entrepreneurs' small consideration sets and higvapence of imitation imply at least the
possibility that urban geographies with "deseresVaid of commerce might instead result from
mismatch between heuristics and the environmentdioh they are used. The modal size of
business owners’ consideration sets is 3, and rmamgrs only consider one location. This
alone would seem to imply the possibility of longedploited opportunities in particular
neighborhoods of Dallas.

The second important finding revealed by the inewndata is the high degree of
dependence among business owners’ (especially bogifiess owners’) location choice
decisions. Some 80 percent of respondents (36falf) describe using an imitation heuristic
that positively conditions location choice on thedtions of other firms (i.e., locating where

other firms have already chosen to locate). Falleminvestment projects, imitation is not
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foolish behavior. Rather, it economizes on theaesh and decision costs of others, and exploits
the publically observable information in other fgnfocation choices.

There is a large literature on mechanisms thatteagatial agglomerations. Imitation
can be an economical way to choose a location weeersumers can easily find one's business,
usefully coordinating economic activity in a citylsban geography. Imitation also represents a
self-reinforcing mechanism by which areas with fawginesses may fail to attract business
investment despite having untapped investment oppities. From the perspective of local
economic development policy, these two interpreteticontain an important distinction. Firms
overlooking an untapped opportunity (perhaps bexabtignitation, or because no single
investor wants to alone bear the cost of acquinfgymation) is very different than evidence
that many entrepreneurs have independently corsldbe location and decided against it. This
suggests that bold steps to undertake new invessnrelocations long regarded as unlikely to
produce profits could generate economically sigaiit surprises, while providing jobs and
business opportunities to poor neighborhoods thdlymeed it.

Weissbourd (1999) describes enormous untapped ppgodrtunities in micro lending
and business development in low income neighborfioétrms as sophisticated as Starbucks
and Home Depot have seen their own revenue forewadls for location choice, which heavily
condition location choice on neighborhood inconedyted by their own profitable experiences
in low-income areas (Weissbourd, 1999; Helling &agvicki, 2003; Sabety and Carlson, 2003).
Cydnie Horwat, Vice President of Starbucks Storedd@pment, writes: “Our Urban Coffee
Opportunities joint venture has essentially shomat Starbucks can penetrate demographically
diverse neighborhoods in underserved communities) as our store in Harlem, which is not

something that we had previously looked at” (Freac2000).
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Why would Starbucks have overlooked profitableapymities in low-income
neighborhoods for so long? And why did it requingeav joint initiative with nonprofit groups
working to expand opportunities for low-income desits to discover that the coffee giant could
operate profitably in low-income neighborhoods?

One answer concerns a too-often-forgotten lesson first-year statistics courses on
linear regression: predictions that extrapolateidetthe range of variation of the data collected
produce unreliable forecasts. For firms that helweys conditioned location choices on
neighborhood income in the past, the entire databéstore revenue and neighborhood
information was, at least initially, censored telexle low-income neighborhoods. It may very
well be that, among middle and upper class neididmmis, higher income predicts greater store
revenues. Extrapolating in the opposite direchieyiond the range of variation in the data,
however, leads to inaccurate revenue predictiontlamgossibility of untapped opportunities in
low-income neighborhoods. Before experimentintpim-income neighborhoods, both
Starbucks and Home Depot's revenue forecast mpdadected very low revenues in poor
neighborhoods. Their predictions were based ostimo data collected on own-store revenue
in low-income neighborhoods and turned out to bengr

Several food and coffee sellers in Dallas haventeddhat their highest revenue stores
are in low-income neighborhoods (see referenc&eng and Murdoch, 2008). One reason is
likely to be the lack of competition. Comparedaffiuent northern suburbs where one
commonly finds, for example, two or three grocdnras at major street intersections, a retailer
who sets up shop in an area that most others gaeead may enjoy unusually high profits.

This underscores the question raised earlier: Arghtborhoods that retailers avoid really less

profitable, or do interdependencies among firmsat@mn choices lead to inefficient lock-in at a
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439  status quo where few stores decide to locate gienely because few stores have decided to
440 locate there in the past?

441

442  Small Consideration Sets and Tax Incentives foedtors

443 Table 2 presents the frequency distribution forrteber of elements in the

444  interviewees’ consideration sets. One intervieas@mdd not decide whether he had considered
445  three or four locations before deciding, whichagled as 3.5. These data suggest that, for policy
446  makers wanting to stimulate new investment in paaghborhoods, one crucial component is to
447  find a mechanism that puts the target location iimt@stors’ consideration sets. Given the small
448  sizes of the consideration sets in Table 2, simpking it into the consideration set may be a
449  much more substantial hurdle than expected return.

450 [Table 2 about here]

451 When policy makers use tax incentives to inducestwent in a particular region of a
452  city, this policy tool may tip an investor alreatiynsidering that area in favor of going ahead
453  based on what usually amounts to modest increasegected return over a limited number of
454  years. There is little evidence, however, to ssgg®at tax incentives induce investors to

455  broaden their consideration sets. Tax incentigesan the optimization model, which assumes
456  that many investors consider the location in qoesiind simply need a small push to raise net
457  present value above a finely calibrated hurdlaufiiis of percentage points) to trigger

458  investment in the location being targeted by poliakers.

459 Only three of the 49 participants in this studydghat tax incentives would induce them
460 to consider investing in South Dallas. These tlatezady had undertaken previous projects in

461 low-income areas of Dallas. Among the remainingwh® had never invested in South Dallas,
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462  several indicated that virtually any subsidy, edenreduced costs to zero, would not induce
463 them to consider locating a store in what they @iged to be undesirable neighborhoods.

464  Others gave specific conditions that they wouldinegjto be satisfied before including South
465 Dallas in their consideration sets--visible sigr@lsvell-functioning middle-class commercial
466  districts such as the absence of trash, abserm®kén-down cars, and absence of loiterers. The
467 importance of pharmacies as a positive signal ainvesting in re-developing neighborhoods
468  was mentioned with surprising frequency, as weoeeyy stores and other stores selling basic
469  staples.

470 A large fraction of respondents gave descriptidriisosv they discovered the location of
471 their most recent investment which included a lagde for random chance. The interview data
472  contain numerous accounts of bumping into new rEdioods by accident or inadvertently
473  coming into contact with the location that woundiniphe entrepreneur’'s consideration set as a
474  strong possibility for a new project. The rolecbance in the discovery of locations for new
475  business investment raises additional challenggégarhaps new opportunities for the plight of
476  urban neighborhoods that are ethnically segregatedonomically isolated. If few residents
477  from other parts of the city come into contact vatheighborhood, this by itself appears to

478  present a substantial barrier to the flow of inmestt capital and the random face-to-face

479  encounters that support it (See Berg, Hoffrage, Atmrdmczuk, 2010, for more on the surprising
480 power of random face-to-face encounters to re-shapty’s spatial geography).

481

482  Imitation in Location Choice and Consequences fordl Economic Development

483 Pairwise correlation between imitation and recerdiess performance is positive

484  among the 32 smaller investment projects and negatnong the 17 larger projects. This,
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together with the event tree model from Figureubgests that imitation in location choice is a
useful heuristic that finds good-enough locatidres,(meeting or exceeding expectations) for a
large majority of business owners undertaking sipraljects.

Large projects, in contrast, appear to suffer figntation and benefit from originality
(i.e., not conditioning location strongly on the&tion decisions of others). This can be
interpreted as evidence in favor of a contraridritdpading to location choices in areas not
previously considered by many others. These esuljgest the need for further theoretical and
empirical work on several related issues. One &srtjuestion concerns the benefits and costs of
economizing on information which imitation affords.A undertakes costly search, and B
imitates A, then B benefits from the informatiomittis made public when A chooses his
location. This pooling of the common informati@source through imitation (i.e., the
information that A collected and then revealed Isydmoice of location) will be analyzed in a
future paper.

A related issue is the social-welfare consequeateansitation. On the one hand, sharing
of information would tend to achieve spatial coaation without the waste implied by each
individual undertaking independent information séarOn the other hand, the potential for
inefficient lock-in, whereby an untapped profit opfunity lies unexploited over a sustained
period of time, is a potentially significant soctaist. A theoretical model that quantifies both of

these aggregate effects from individuals’ use afation would be useful.

Arts and Local Economic Development
The role of arts venues seems to play a largeimdlee thinking of entrepreneurs in a

variety of industries (Florida, 2002). Interviewgh leaders of arts venues, and with leaders of
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businesses that have no direct contact with tise @vteal a rich portrait of attitudes about the
arts among high-level decision makers in the Dallaxas, business community. Nearly all of
the non-arts-industry entrepreneurs, when askedtdbe arts, creativity and innovation, spoke
about the importance of arts for the cultural éfehe city and its spillovers to the city’s woid
commerce. This intersection of commerce and celtevealed itself time and again as
interviewees were asked to envision future scesdaothe city's business community and
describe the desired characteristics of the looahemic growth that they hoped to see. The
ideas in Florida (2002) linking arts to economiowth seem to be well corroborated, albeit
indirectly, in these ethnographic accounts showivag entrepreneurs were nearly unanimous in
agreeing that arts and creative people play a apete in cross-fertilizing innovation in the

business environment.

Section 5: Conclusion

This paper used scripted interviews of 49 weltpthbusiness owners and senior
managers in charge of deciding where to locate mesinesses. Location choice provides an
opportunity to compare the predictions of optimimatmodels (whether textbook models based
on exhaustive search, or search models that pratiteghold conditions or optimal stopping
rules) with the actual decision processes usedtrg@reneurs when making high-stakes
decisions about where to locate investment cap@alnsideration sets, especially among the
most successful businesses, are surprisingly smiéitl, a large-magnitude, negative, and
statistically significant pairwise correlation ben investment return and the event of having a
large choice set. Locations that do make it imiesideration are frequently discovered by

chance rather than systematic search. No inteegewlescribe a decision process that comes
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close to the standard optimal stopping conditionarftinuing search as long as marginal benefit
of searching one more location exceeds its margiost. Nearly all interviewees described
threshold conditions that can be expressed agysagsn inequality, which provide direct
evidence of satisficing.

Whether these satisficing heuristics can be ralioed within a search theoretic model is
left for the reader to decide. We note, howevat the threshold rules that entrepreneurs
described were fixed rather than adjusting as atiom of the last unit observed. And the values
of thresholds used were almost always coarselydedimumbers (sometimes referred to as
prominent numbers) such as 5, 10 or 15 perceddb not interpret this as evidence of any lack of
numeracy or imprecision in the thinking of entreymers. Rather, the interview data reveal that
entrepreneurs betting their own capital had givamserable thought to the profound
uncertainty in their environment and the futiliyapplying probabilistic beliefs to one-off
events. It was not that entrepreneurs did not kenaugh to compute marginal benefit and
marginal cost, but rather the rapid rate of chandbeir real-world environments that, in their
view, made irrelevant the exercise of collectingnpkes of historical data to estimate parameters
needed to apply stopping rules derived from opttian models.

Imitation in location choice is beneficial for raleely small investment projects. The smallness
of consideration sets and high frequency of imiateasoning in entrepreneurs’ location choices
calls into question a key assumption about poliaiesed at stimulating local economic
development. Neighborhoods that do not attractstment capital are assumed to be
unprofitable under the standard model. An altéveagxplanation based on these data is that
when firms condition their own location choicestba location choices of others, an inefficient

lock-in prevents the discovery of untapped pragfiportunities in stigmatized sectors of a city.
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Rather than tax incentives at the margin, a bokhgay one non-imitative investor in a long-
ignored area could “seed the cloud” and inducereeti@al cascade of new investment and
commercial activity based on the same imitativetmecsm. Local policies that facilitate more
chance interaction among residents, giving thenitipeseasons to personally spend time in
different sections of the city, would seem to haugetter chance at moving isolated

neighborhoods into entrepreneurs’ consideraticased spurring new investment in those areas.
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Table 1: Descriptive Statistics for Business Owrlepsation Choice (N=49)

variables min mean max #No (0) # Yes (1)
description of decision maker's location choice andstment at new location
Size of Investment >$1mil (Large/Small) 0 0.347 1 32 17
# Types of Information 1 2.388 5 . .
Quantity of Information (Large/Small)* 0 0.163 1 41 8
# Locations in the Consideration Set 1 3.010 10 . .
Consideration Set (Large/Small)** 0 0.184 1 40 9
Describe Process of Maximization 0 0.020 1 48 1
Describe Process of Satisficing 0 1.000 1 0 49
Describe Process of Imitation 0 0.204 1 39 10
# Competitors*** 0 3.531 5 . .
Transformation of South Dallas Possible 0 0.224 1 38 11
Tax Incentives Matter 0 0.061 1 46 3
Public Transportation Influenced 0 0.041 1 47 2
Arts Industry 0 0.184 1 40 9
firm's performance in most recent year (orderedeshefent variable
Return Below Expectation 0 0.286 1 35 14
Return Meets Expectation 0 0.327 1 33 16
Return Above Expectation 0 0.388 1 30 19

*Quantity of Information is defined darge if the business owner describes strictly more
than three types of information used in locationic, andsmall otherwise.

**The consideration set is defined lasge if strictly more than three potential locationsre
considered, angmall otherwise.

***The variable # Competitors counts the numbefiohs or organizations that the
interviewee regarded as a competitor. If five @orencompetitors were mentioned, then the

645 response was coded as 5.
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Table 2: Frequency Distribution for the
Number of Locations in Entrepreneurs
Consideration Sets

# locations in
consideration set Frequency Percent

1 9 184
2 11 225
3 20 40.8

3.5 1 2.0
4 1 2.0
5 1 2.0
6 3 6.1
8 2 4.1
10 1 2.0

646
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Figure 1: Information-Frugal Classification TreeHitrepreneurs' Investment Retu
(Whether Returns are Below, Meet, or are Above EtgzEReturn in the Most Recent
Year)

variables

Quantity of Information low-info hi-info

Size of Investment

Imitation no imitate imitate no imitate imitate

meets above below

Consideration S small large

above below

This investment return classinicauon tree predvetetner entrepreneurs’ returns in the
most recent year fall below, meet, or are abovetpected return at the time the
location choice was made. This classification fise45 out of 49 observations (92
percent) correctly. In contrast, a fitted ordepeadbit model using the four variables in
this model plus three additional variables codedifthe interviews fits outcomes
correctly less than 50 percent of the time.
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