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ABSTRACT

Several studies claim that people have a tanydém be overoptimistic (Coelho;
2010; Lovallo & Kahnenman, 2003). Furthermore, saemearchers suggest that optimism
could be prevalent in managers as a result of #lectson process (Heaton, 2002).
Nevertheless, there is very little literature abthe subject of optimism and managerial
decisions (Coelho, 2010). In this study we presefrontier model of expectations with an
optimistic bias based on the adaptive expectati@aeh In our framework, optimism is
considered as a positive random term which skewsaations from a normal forecast based
on rational assumptions. We model investment datifiased on expectations about key
variables such as sales or cash flow. We posit ti@tagers have a skewed viewpoint of

reality.

An application of the empirical model in the corttekthe American retail industry is
provided. This paper contributes to increasingliteeature about unrealistic optimism as well

as applying productivity and efficiency techniqueshe management field.



1 Introduction

Expectations are the cornerstone of the decisiokirrgaprocess. It is safe to claim
that people usually make decisions based on tligiasi about the future. Expectation
formation has been the subject of analysis of arder array of disciplines. There are several
theories that try to explain how individuals makeettasts about future events. For example,
expectations can be the result of an adaptive adard, where predictions are based on the
most recent values of a variable. Expectations marformed just as the economic theory
predicts, using all the available information. Ténées a wide range of different concepts about

how human beings make predictions.

This study is based on the adaptive expectationdem&xpectations are generated
based on the most recent mistakes. We modify tiggnat adaptive expectation model to
include the possibility of a positive systematiasoand we offer a new interpretation of the
stochastic frontier model inefficiency term. Inghgontext, the inefficiency term measures
optimism. Our hypothesis is based on the growingrdiure about the prevalence of
overoptimism among decision-makers. We modeled simvent decisions based on

predictions about future sales in the Americanilretdustry.

We posit that managers make systematic errors \ilinn create their expectations
about the future. Specifically, managers overesgnmature performance. In statistical terms,
we claim that the prediction error term has a pasinean. Overoptimistic behavior could be
potentially detrimental to the company’s performan&everal authors (Coelho, 2010;
Hackbarth, 2008 and Heaton, 2002) have statedhbatsue of optimistic bias has not been
studied in depth. Coelho (2010) claims that “pwsiillusions create distortions which may be
the most important source of efficiency loss in ¢élsenomics systems, and as yet their policy
implications may be ignored.” On the other handn@eoveroptimistic can be considered
rational (Van den Steen, 2004). The explanatioaretf by Van den Steen (2004) is similar to
the winner’s curse. People tend to choose therectimat they consider more likely to happen.
Although excessive optimism can be associated wittierperformance, there is no direct
connection. Choice-driven overoptimism does nat ut the possibility that best performers

are excessively optimistic as they correct theineses through timé.

Our hypothesis differs from the rational expectagidramework. We do not consider
that on average the difference between the obsemvaind the anticipated value is zero

! In addition, overconfident managers could increhsé level of confidence as they obtain more daee\Van
den Steen (2011).
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(Lovell, 1986). Historically, the rational expedtat theory has been tested using survey
information (e. g. Lovell, 1986; Levine 1993 andnBez-Silva & Dwyer 2003). These
surveys seek to “observe” people’s expectationg dimalysis of the survey contrasts these
expectations with the actual realizations of thicgrated variables in order to verify rational
expectations hypothesis. We do not have informatibout these expectations. Instead, our
methodology is based on the assumption that mamagake positive systematic biases in

their predictions and tests whether or not thisiagion is correct.

We use a dataset with the main discount retailnsh@iValmart, Target, Kmart, Sears
and May). We have two objectives: first, we wantverify that optimistic bias exists, by
calculating an LR rest on whether the biased a@eon is equal to zero or not; the second
objective is to observe what kind of companies leithihe largest systematic biases: the
successful firms (Walmart and Target) or the congmthat failed or had poor performance
(Kmart, Sears and May). Our methodology requiregrid search using the Maximum
Likelihood Estimation (MLE). To our knowledge, tthas been done using OLS (e.g. Hansen,
1999; Yélou et al. 2010) but not with MLE. This ihgs an additional level of difficulty.

The rest of the paper is organized as follows:isec2 provides a brief literature
review about the topic of excess optimism; our nhagl@resented in section 3; the dataset is
described in section 4; results are analyzed irtiec5, and section 6 contains the

conclusions.

2 Literature Review

Excess optimism or unrealistic optimism was fitstdged in the psychology field. In
the Journal of Applied Psychology, Larwood and \taéhkier (1977) published the results of
several experiments aimed at demonstrating thamegtic bias exists and that it leads to
overestimating organizational performance, in pafér sales volume. They state that this
bias is reduced if the agents have failed in thaitier forecasting experiences but it remains
high despite being advised to be “realistic.” Weains (1980) carried out a very important
study on the subject of unrealistic optimism in #uoeial science field. The author defines
unrealistic optimism as the tendency to assign jpwebability to negative events and high
probability to positive events. Weinstein (1980tdi two possible sources of unrealistic
optimism. The motivational explanation describesess optimism as the byproduct of
defensiveness or wishful thinking. On the otherdhdhis irrational bias could be the result of

a cognitive flaw. For example, people can overlduk similarities with respect to others and



assume that the likelihood of an extreme eventifierdnt from the general population
(extreme probability bias). Furthermore, agentdabe unfamiliar with the assessed event or
have the illusion of control. Coelho (2010) clairttseat motivational circumstances or

cognitive bias seem to be more prevalent in theagamal population.

Roll (1986) was one of the first to study unreaisbptimism with respect to
investment behavior. The author analyzed why merged tender offers fail to deliver the
expected results. Roll (1986) claims that a mariagamaluation of future acquisitions could
be the result of manager’'s hubris, which is a prggion that his/her assessment is more
accurate than the market valuation. An interesasgect of Roll's framework is that he
considered managers’ valuation as a random varilide left tail of which is never
observable. Managers’ assessment would only benaisle if the assessment is higher than
the average, which is the market valuation. Higgints are similar to the approach taken in

this study. We model excess optimism as a podi@letail random error.

There is increasing evidence that capital structlé@sions are very sensitive to the
presence of overoptimistic bias. The idea is tivaational managers” perceive external funds
as excessively expensive and prefer to use intéamals instead. Irrationality is defined as
having unrealistic optimism or being overconfidfe@verconfidence is excessive confidence
in the precision of a forecast and it is relatethvaptimism. It has been stated that irrational
managers prefer free cash flow than debt or eqiigaton, 2002; Malmendier and Tate,
2005) and prefer debt than eqditfHackbarth, 2008) if they hold an optimistic bias.
Managers’ distorted perception makes them overestinthe returns of their projects.
Therefore, if they have access to internal funey tbrobably could undertake projects with a
negative net present value. On the other handaifagers lack internal funds, they may reject

projects with positive net present values becauosg ¢consider external funds costly.

The relationship between optimism and firm valus baen characterized as non-
monotonic (Hackbarth, 2008). A similar finding wabtained when overconfidence levels
were analyzed (Goel and Thakor, 2008). In geneatadreholders would prefer optimistic
rather than rational managers. Nevertheless, fioeme values of optimism the relationship is

found to be negative. The reasoning behind theskniys comes from the risk averse nature

2 Coelho (2010) states that researchers adopt eliffetefinitions for the terms overoptimism and ceafidence

in literature. In this study we express overoptimiss the positive bias in the prediction of a fatuariable. We
consider our definition to be equivalent to thatWéistein (1980).

% Hackbarth (2008) distinguishes between optimism everconfidence. He found that optimistic managers
prefer debt than equity but overconfident manageeser the opposite. Overconfident managers untisrate

the risk levels of a project and consider that ggsiovervalued.
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of managers. Risk averse managers underinvest nhdanwanagers with overconfidence or
optimism select higher levels of investment which eloser to the optimal values for the
shareholders. After a certain threshold the ovesiwent is detrimental to the company’s
value. Furthermore, moderately optimistic managensid reduce principal-agent conflicts

because the high debt levels constrain them taligsectionary funds (Hackbarth, 2008).

Goel and Thakor (2008) argue that the internacdigin process of a company favors
irrational, and in particular overconfident, managdnternal tournaments might encourage
managers to take more risks (Heaton, 2002). Singerconfidence makes the agent
underestimate risks, people with this trait are enldeely to be chosen than those who are
rational. Therefore, “overconfidence is likely te la more prevalent attribute than in the
general population.” (Goel and Thakor, 2008; p.973

Besides investment decisions, unrealistic optimiand overconfidence has been
studied regarding entry decisions, (Camerer andallmy 2003) and search behavior
(Papenhaussen , 2010). It has been found thattédtperceptions of self-skills encourage an
excess of entry in competition. The effect is elager when agents know a priori that their
chances of success depend on their skill levelsréece group neglect). These findings could
explain why people choose performance-based in@ntmore than expected. Regarding
search behavior, moderately optimistic managersrmue effort into searching for a solution
than rational agents. However, if there is a carsible excess optimism, managers might
choose to do nothing and wait for the solution iava. Once more, the effect of optimism

seems to be non-monotonic.

Rational expectations:

According to Muth (1961), the average expectationan industry are as accurate as
elaborated equation systems. This author is theupger of the rational expectation theory.
He asserts that firms’ expectations of the futusedastributed similarly to what the economic
theory would predict. Although firms make mistakesheir forecasts, the mean error is equal
to zero. Moreover, it is also assumed that it isanwvaste of information. These assumptions
exclude the possibility of a systematic bias bydeeision-maker since this would imply that

he/she has not used all the available informatiacotrect his/her expectations.

Some tests have been developed to validate tlenahtexpectation theory predictions
(Maddala, 2001). These tests are based on infawmatollected through surveys. Lovell
(1986) analyzes some of the empirical evidence tatadonal optimism. He illustrates that in
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some studies on forecasting inventory needs baseshles, some companies are chronically
overoptimistic while others are pessimistic. Howetee overestimation of the overoptimistic
firms cancels out the underestimation of the pessienfirm; thus the general picture
represents a scenario with no bias. Neverthelesshea individual level, the rational
expectation theory was not corroborated. The authptains that there are two versions of
rationality. Weak rationality requires the error aserement to not be correlated with past
values of the forecasted variable. On the otherdhdhe strong rationality assumption
imposes no correlation of the error term with B# information available for the decision -
maker. Lovell (1986) reports, that in Hirsh and ethy1969), weak rationality is not satisfied.
Furthermore, the author reviews other works ororatiity tests in subjects such as inflation,
wages, national accounts, budget, and EPA mildageost of these studies, the rationality

hypothesis is rejected or the evidence is incomaus

More recently, Benitez-Silva and Dwyer (2003) saéadithe rational expectation
hypothesis using micro-data such as retirement laggdth, employment and income, among
others. The results of their research do not rdjeetrational expectations hypothesis after
controlling for measurement errors and sample sefediases. In the management field,
Levine (1993) analyzes whether corporate executiods rational expectations using survey
data. The difference from previous studies is thahagers paid money for participating in
the study and were interested in the results. leeit®93) argues that this characteristic
answers the criticisms about testing rationalityhds been stated that participants in these
surveys are not truthful and accurate in their asps. The results reject the rational
expectation hypothesis. We found it interesting thanagers seemed particularly optimistic.
For instance, it was reported that if managersipred 8% market growth, the market would
actually grow by 2%. Another example was the pfirecast; if the managers predicted a 5%
increment in their output prices, in reality pricesuld have increased by 0.5%. Furthermore,
Levine (1993) shows that managers put too much itapoe on the most recent observation
instead of taking into account the entire histd¥pnetheless, the author tests other model
specifications including the adaptive expectationdeis. All of these specifications are

rejected as well.

Finally, Van den Steen (2004) proposes that overofin could be considered a
rational choice. Instead of relying on an unobsgmwechanism to explain this behavior (such
as a cognitive flaw or motivational theories), Vden Steen provides a theoretical model

where agents’ optimal choices make them overopticnifhese agents choose those actions



that have a higher probability of success. Nevétise they have different prior assumptions,
thus the agent will choose those actions with arestimated subjective probability. It is not

explicit whether overoptimism will imply poorer germance or not.

Expectation Formation

The starting point of our empirical background e tadaptive expectation model.
According to Begg (1982) the adaptive expectatimdeh was introduced by Cagan (1956)
and Nerlove (1958); although, Evans and Honkap(#(81) and Maddala (2001) claim that
the origin can be traced back to Fisher (1930)siinple terms, the adaptive expectation
theory states that people revise their expectatimased on previous forecasting mistakes
(Attfield, Demery and Duck, 1991).

Attfield et al. (1991) explain that there are thaslvantages to the adaptive expectation
model. First, the theory implies that people cchdgle wrong expectations in the short run but
not in the long run. The second “attractive fedtisehat this theory can be used in different
contexts such as GDP growth, unemployment rateimtedest rate, among others. In this
study we focus on sales forecasts. The third featuthat it relates the current expectations of
a variable to the past values of this variable.

One important issue that we need to clarify is whe predictor is. The adaptive
expectation model implies that expectations arenéat based on the past values of the
analyzed variable. Hence, if we claim that the [@ted forms their sales expectations based
on past values of this variable we are implicitigting that these predictors “remember” sales
values from a long time ago when they make thegdasts about the future. Nevertheless, as
we will explain in the next section, the adaptiwepe&ctations model imposes geometric
declining weights as the variable goes back in tifiteerefore, the most recent observations
are relevant in determining current expectationsl aery old information contributes

insignificantly in the formation of these expeatats as Attfield et al. (1991) pointed out.

The adaptive expectation models in macroecononssarae that the coefficients of
past information represent averages of all the tagewolved in the economic process.
Similarly, in our application, these coefficient®riespond to the market assessment.
Therefore if two firms have exactly the same padtss history, they would have the same
forecast for future sales if there is no unreaisiptimism bias. Consequently, in our study,
managers with overoptimistic bias deviate from tharket prediction and this deviation is
modeled by adding a positive bias error term tontlagket expectation.
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In this study, we define excessive optimism asdher made by managers in the
process of expectation formation. This error haglat half-tail distribution and an average
close to zero. The reason justifying these conditics the presumed characteristics of the
managers identified in the previous literature.i@Em bias seems to be a prevalent attribute
of managers; pessimism or rationality are notdrdiat shareholders promote in a managerial
team. It is difficult to imagine a scenario wher@amagers expect to perform below the
industry average and remain in their positions dolong time. Even in the situation that
exogenous variables such as economic or social itcmm&l alter future expectations
negatively; managers’ self-confidence in theirlskivould make them believe that they could
handle the critical condition much better than amadlity would imply. Furthermore, our
definition of optimism is in keeping with the “uraléstic optimism” proposed by Weinstein
(1980). Positive events such as a higher salesnmhvould be presumed to be more likely

than a low sales volume.

In the next section we will further describe thepamoal model applied in this study.

3 Empirical background*

Consider the following equation:
Yie =a+ bx;'k,t+1 + &t [1]

Wherey;, stands for firmi investment in periodf, X' +1 is the firm’s expected sales

during period+1 andg; is a zero-mean symmetric error term.

We assume that these expectations are formed ymanigglly or entirely, past history.
Hence, we adopt a traditional Adaptive Expectaiudel to model expectations and assume
that:

Xitr1 = BoXie + P1Xie—1 + BoXip—p + -+ PrXie—k [2]

This model is calledlistributed lag model of expectatiossice it uses a weighted
average of past values of the forecasted variablsummarize the formation process of
expectation implied in the data. Several naive n®dé expectations are nested in [2]. For
instance, if we assume th&i =1 and the remaining coefficients are zero, weagetodel in

* This section is mostly inspired by Maddala’s (2p@&tbook.
® In this study we use capital as a proxy for inwesit. With the information we have on investmentgeea
correlation coefficient of 0.84. We did not useéstment directly because of problems of convergence

9



which the expected sales will be equal to the cursales. On the other hand, if we assume
that o =2, 1 =-1 and the remaining coefficients are zero, wkioba model in which it is

expected that future sales will increase by theesquantity as the latest increase.

The model in [2] is called &nite distributed lag model since the number of lagged
past values is finite. Koyck (1954) suggested usamg infinitive lag distribution with
geometrically declining weights. In this case, theterministic relationship between

expectation and past values can be written as:
Xitr1 = D=0 PrXit—k [3]

Where S, =B,A¢ and 0<<1. If the sum of the infinitive series & /(1 — 1) and this

sum is equal to one we get:
Xie1 = Dk=o(1 — A)/lkxi,t—k [4]
It is straightforward to get the following relatimp:
xi*,t+1 - Axi*,t =(1- A)xi,t [5]
This equation can be written equivalently as:
Xippr — X = (1 — A)(xi,t_x;'k,t) [6]

This equation says that expectations are reviseddeaxclusively on the most recent
error. For this reason the model above is calleddaptiveexpectations model. Imagine that
A = 0.5, in this case future expectation, will be the safithe previous expectation plus 50%
of the previous forecast mistake. If we lag equafild by one period and multiply throughout
by A, we get

Ayir = Aa + Abx{ 1 + A&, [7]

Subtracting equation [7] from [1], and after son@ightforward manipulations, the

equation to be estimated can be written as:

YVie=a+Bxii +Ayiq + (Ei,t - Agi,t—l) [8]

Wherea = (1 —A)a andp = (1 — A)b are parameters to be estimated. This model
cannot be estimated directly by ordinary least sepigOLS) becausg:.; is correlated with

an error term that is autocorrelated as well. Tgrisblem could be avoided by using the
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instrumental variables method as long as validumsents fory; .1 are found. An alternative
strategy is using an OLS estimator combined wigrid search over the parameter. In this
case, the model is estimated in two stages. lfitstestage, given a particular value of the
parameter, the remaining parameters are estimage@US. The next step requires the
residual sum of squarédSSunder the estimated parameters. The value oR®®8is also a
function ofk because the estimated parameters are functidnsSufice) is unknown, it must
be estimated from the data set. We might choosevdhee of A for which RSS(A) is the

minimum, that is’

~

A = argming.;4 RSS(A) [9]

A model of expectations with excess optimism

In the previous section we have modeled managereaations as a deterministic
function of past values of firm sales. Two commaeares in order regarding this relationship.
First, as all parameters of the expectation fumcfij are common to all firms in the market,
two firms would receive the same prediction if thelyared the same past information.
Therefore, we can interpret this function as therfimal” expectation that a particular firm
would receive in the market given its own pastdrgst Second, as the adaptive expectation
model is unbiased, we have implicitly assumed enghevious section that firm managers are
efficient in the sense that they do not make syatemmistakes when forming their
expectations. However, a scenario characterizetexgess optimism” might be possible, in
the sense that managers’ expectations are petdystegher than normal. This situation can

be incorporated into our model by modifying the &tpn [4] as follows:
Xipp1 = Zige1 (D) + u;—t [10]

Where z;;41(1) = Xpo(1 — DA*x;,_, denotes the deterministic relationship
between expectation and past values, @fjd> 0 is a non-negative random term capturing
the excess optimism. We ugebecausez.; depends on this parameter. Singg is not
observed it is assumed to be random following drteeone-sided distributions traditionally

used in the stochastic frontier literature, e.df-harmal distribution’ A reason foru;, to

® For instance, we can use in this framewaqskas instrument foyy...
" A similar two-stage model that involves a searabcpdure has been used, for instancéjansen (2003and
Yélouet al (2010).

81t is worth noting that in this literature an etjoa like (10) is equivalent to deterministicfrontier
function because the function to be estimated igmather determinants of expectations that arereédery
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follow a one-sided distribution is that managess rquired to make the company perform at
least as well as the average performance of thesind This requirement is even more
pertinent for publicly traded companies. If a masrag perceived as unsure about their ability

to perform better than the market, then the shagdehr®would replace the manager.

We also expect that;’, is asymmetrically distributed where high levels exfcess
optimism are less likely because most managerspiartgcular market do not make decisions
based on unsustainable expectations, and theysarkta sticking to the normal expectations
in the marke?. This asymmetry assumption plays a critical roleoimr model because we
precisely take advantage of the asymmetry (skeyrn&sthe excess-of-optimism term to

identify firms with unsound expectations that migbtbankrupt in the futur®.

In this context, testing that this non-negatived@n term exists is equivalent to
testing the existence of excess optimism or upvgaded expectations. Hence, this test
resembles the so-called "tests for rationality"eddn tests assume that both current data and
predictions are available, and test whether priegistare unbiasedx post This cannot be
done in our application, as managers’ expectat@wasot observed by researchers. We use a
different approach. Our test endeavors to examinetiver expectations are (upward) biased

by modelingex antethe existence of these potential biases in the giasherating process.

The model in [10] can be considered as a frontiedehwhere the dependent variable
(i.e. firm manager’s expectations) is not observgdesearcher§¥Vhat we do observe are the

consequences of these expectations throughout¥bstment equation [1].

Regarding the alternative estimation strategieshatuld be noted that equation [5] can

be written in a scenario characterized by excemggm such as:

firm managers, but not by researchers. This issuaddressed in the stochastic frontier literatuddiray a
symmetric random term to equation (10), that is:

Xits1 = [Zi,t+1(/1) + Vi,t] +ufy

wherev,; is a random term capturing other determinantsxpéetations that is conventionally assumed
to be distributed as a normal random variable w#io mean. The term in brackets is equivalentgtoehastic
frontier function because the function to be estgdds stochastic as it takes into account unobdtevfactors
that determine managers’ expectations. It can bassiihat the final equation to be estimated do¢shange if
we use a stochastic expectation frontier functexeept that the error term in this equation is albjithe sum of
two random termsg; andv;;, that cannot be distinguished because both arensymcally distributed. For this
reason, we will assume hereafter that there aretiner determinants of expectations, except the-§ipecific
past values of profits or sales.
° Obviously, this is correct except in "bubble" siions where overall market expectations are also
unsustainable.
% The empirical strategy to distinguish the one-gicendom term from other random terms in the medwn
the one-sided term is also symmetrically distridutean issue that, nowadays, is at the centethebed debate
among researchers in the stochastic productiontiémorarea of research (see, for instance, the malpo
presented in the last EWEPA conference held in)Pisa
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Xieer — Axie = (1= Dy + (uf—ui_y) [11]
And hence the equation (8) to be estimated talefotlowing form:
Vie =a+PBxi +Ayie—1 +Tip + b(u;—t—/lu;-t—l) [12]

Wherert;, = €;, — Ag; 1 IS @ symmetric (but auto-correlated) random terith wero
mean, the last term in [12] is the difference betmvdewo one-sided random terms, the
distribution of which is not known. Wang and Ho {2 face the same problem, though in a
different context, and propose using a one-sidediom term that satisfies the so-called
scaling property! This property allows us to get a tractable liketitl function. Indeed, let us

assume that the non-negative random term capttlrengxcess optimism can be written as:
uf, =g(0) uf [13]

Whereg(t, 6) is a deterministic function of time amgl is atime-invariantone-sided
random termt? In this case, we can rewrite the last term in [&&]follows ignoring the

parameteb:
uf—Auf =g, 0) —Ag(t—1,0)] -uf =H(,0,1) - uf [14]
And placing [14] in [12] we get the final equatitmbe estimated:
Vie=a+PBxi + Ay 1 + T + bH(E, 0,1) - ujf [15]

The distribution ofu” is not affected by the transformation, thus theltmodel can
be estimated by maximum likelihood. This modelimikar to that introduced by Wang and
Ho (2010) except for the first-differencing transf@mtion of the variables. While these
authors usegbure first-differences of the variables, in our applioa we use gartial first-
difference since for each variable we do not subtifze total value of the lagged variable. In
this sense, while Wang and Ho (2010) need to asshatethe scaling function g(-) is not
constant in order to make the likelihood tractalole; model can be estimated even when

optimism is time-invariant®

1 A discussion of the advantages of this propertylma found in Wang and Schmidt (2002) and Alvaeal.
(2006).

12 particular functional forms fay(-) have been proposed by Kumbhakar (1900), BastedeCoelli (1992), and
Orea and Kumbhakar (2004).

13 Indeed, if we assume thét, 8) = g(t —1,0) =1, thenH(t,0,4) = H(A) = 1 — A, and the model
collapses to:
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It is noteworthy that model [15] looks similar toet traditional panel data stochastic
frontiers model, except for one characteristic. @uodel is dynamic as it involves a
regression ofyi; on yir1. This model cannot be estimated, as is customayyusing a
maximum likelihood estimator (ML) becaugg.iis correlated with bothw;; andu*. Thus
estimation of equation (15) by MLE gives us incetent estimates of the parameters. To
avoid this endogeneity problem we might use therunsental variable method if valid

instruments fow; .1 are found.

Since it is unlikely that the time path of the ese®f-optimism term is the same for all
firms in the market and finding good instrumentsdifficult in non-linear models like
equation [15], we propose an estimation two-stagéhod that does not require making the
above transformation and involves using MLE comdinveth a grid search over the
parameter. In this case, equation [1] is estimatetthe distributed lag form once we place

expression [10] into [1]:
Yit =a+ b[Zi,t+1(A) + u;,_t] + &t [16]

Sincez +1 involves an infinitive series and we do not obsdhe infinitive past values

of X, we splitz (1 into two parts, one observed and the other not.

Zi,t+1(7\) = Zi_:lo(l - A)}\kxi,t—k + kel — 7\)7\kxi,t—k = Zi,1t(7\) + At [17]
Where
¢ = 1B (1= DAy ] = T00(1 = Dxy; , j=k—t [18]

c is an unknown parameter to be estimated thatbeamterpreted as the expected
profit for the first period. The equation to beiestted can be then written as:

Yie=a+ b[zi,lt(/l) +cAt + u;“t] + & [19]
or
Vit = a+bz;1:(0) + ¢'z;5:(1) + buj; + &, [20]

Wherec =bc andz x(1)=A". We again usé inside z; and z as both depend on this

parameter. It should be noted tiat a given\k the equation [20] is a traditional stochastic

Vie =+ PBx + Ay q + Ty +b(1—2) - uff

This model can be estimated to identify firms wititsound expectationsikl.
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frontier model with two random terms and, hence, ather parameters of the model can be

estimated, as is customary, by MLE techniques.

While assuming thats;, follows a normal distribution with zero mean and
conventional variance;?,we need to choose a distribution for the asymmesmdom term
capturing the excess optimism;’,, to estimate [20] by maximum likelihood. Although
several simple distributions for the one-sided manderm can be estimated, we choose the
half-normaldistribution for tractability reasons. The halfem@l distribution, which is one of
the most one-sided distributions employed in prdéidacfrontier literature, is obtained from
the truncation below zero of a random variable whallows a normal distribution with zero
mean and variance,>. Skewness and truncation allow us to isolate #yeanetric random
term capturing the excess optimism from other ramdshocks. The most important
characteristic of the half-normal distribution tat the modal value of/; (i.e. the most
frequent value) is close to zero, and higher valoks:, are increasingly less likely
(frequent). Therefore, the random term that captutee excess optimism is positively
skewed, indicating that firms with unsustainabl@estations are unusual and most of the

firms have reasonable expectations about the future

The marginal density function ab; , = bu{ft + Si,t:t Is given by

flon) =g li- o ()] ewl-sH =2o(3) 0 () e

Where &’=(b a,)*+ g, p=bai/a,, ®(-) and ¢(-) are the standard normal cumulative
distribution and density functions respectivélyAs p>0 either5,>0 or o> and the
symmetric error term dominates the one-sided ezomnponent in the determination of the
composed error termy;;. In this case the stochastic frontier model calépto the single
model introduced in the previous section with jasgymmetric error term that can either be
estimated by OLS or MLE.

From equation [21], we can obtain the log likeliddanction for a sample of N firms

observed over T periods:

NT i
InLF = == - In(2/m) = NT - In(0) + X, 5T, In [cp (%)] — YN YT wh [22]
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4 See Stevenson (1980) and Kumbhakar and Lovellq2p0140). Here, we have taken into account thet t
asymmetric random term capturing the excess optingsmultiplied by the parametbrin equation (20).
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wherew; ¢ = y;¢ —a — bz;1¢(1) — bc - z; ,,(1). Assume that is known.For a given

., the ML estimator of the remaining parameterfiesgarameter vector that solves:
(c’i(A), b(1),e(), ﬁ(l)ﬁ(l)) = argmaxgpcqp InLF(a, b, c,0,p|A) [23]

Next we can obtain the value of the likelihood fume under the estimated
parameterdNote that the ML estimator ot(b, c, g, p) is a function ofi. Since the estimated
parameters are functions afthe value of the likelihood function is also adtion of, that
is, InLF=InLF (1). Since\ is unknown, it must be estimated from the datast.choose the

value ofi for whichLF(X) is maximum, that is:

a~

A = argmaxg< < INLF (1) (24)

This estimation strategy is the same as that meedion the previous section, except
that we use MLE instead of OLS in the first-stafi¢he procedure. Both OLS and MLE are
equivalent when the error term is made up of alsingndom variable; therefore, MLE or
OLS yield the same parameter estimates. Since war &rm in (15) is made up of two
random variables and one of these variables is m&frically distributed, a MLE should be

used®®

4 Dataset Description

The dataset used in this study came from a divarsge of sources. Information about
capital and sales was collected directly from theual reports. Both capital and sales were
expressed in billions of dollars of 1970. Capitala constructed variable that is equal to
capital of previous period minus amortizations plusestments. The variable capital assigned

to each year is the average of the beginning of¢lae and end of the year values.

15 u;,=0 and managers’ expectations are normal, théKkelihood function to be estimated is:

NT 1O,
InLF = - In(2m) — NT - In(o,) — ZTCSZZ Z €

i=1t=1

This is the log likelihood function of a variableat follows a normal distribution. The resulting Ndarameter
estimates can be equally obtained in this casesimguhe method of least squar8s.in Yélou et al. (201Q)the

equation (20) can be written in @ more compact fasp = dZ(1) + ¢, whereZ = (1, z;1,(1), z; 5. (1)), and

=(a, b, c). The ordinary least squares estimatof@s a function of) is given by

o) =CZND)ZA)NZD)Y)
and the residual sum of squares is
RRS() = (y = 02D (v - a)'Z(D))

)L estimate can be defined as the value Aofwith the minimum residuals sum of squares, that is
A1 = argming.;<; RSS(A) .
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We studied five different firms (Walmart, Targetmidrt, Sears and May). Kmart
declared bankruptcy in the year 2002 and merged ®éars in 2004. Therefore, we only
include information about Kmart until 2002 and e tcase of Sears until 2004. May acquired
the company Associated Dry Goods in 1985. We dddddreat May as a different company
after this event. Hence, we have six companies if\d| Target, Kmart, Sears, May pre-
acquisition and May post-acquisition). We only havermation about May until 2003.

We have collected control variables for improvihg &analysis such as the University
of Michigan Consumer Sentiment Index and labor soktbor costs were calculated as
general administrative expenses (SGAE) expressddliars of 1970 over the total number of
employees. On the other hand, The Michigan inddxaised on 50 core questions about the
general sentiment of American consumers about gegonal finances, business conditions
and buying conditiorf§. It was generated for the first time in 1946 ahe base period is
19668 We consider that these two variables influengatahinvestment decisions made
by the discount chains. Tables 1 and 2 summargeégiscriptive statistics for the dataset used
in the paper. It is important to note that averagepital growth is similar to the average
growth of sales. More importantly, capital growsté on average than the sales for every

company.

5 Results

In this section we detail the steps that we folldwe: (1) verify that OLS and MLE
estimation provides the same results for the sist@eenario; (2) confirm the existence of a
positive bias; (3) calculate the model with unr&adi optimism and (4) modify the original

model by including additional variables that make estimations more robust.

The first step requires the estimation of thpregsion [9]. The grid search over the
parameter lambda is done over 396 possibilitiesr(ftambda equals to 0.0125 to 0.9975 in
increments of 0.0025). The calculations were daiegusales as an independent variable and
capital as a dependent variable. We performed tidesgarch using the OLS technique and
the MLE technique like in equation [23] under thierpise thap—>0. The results are shown in
figure 1. It is important to note that the residsaim of squares reaches its minimum exactly

16 See “Survey of Consumers” published by The SuregyConsumer, Thomspson-Reuters; University of
Michigan. Webpagenttp://www.sca.isr.umich.edu/main.ptgcessed on July 15th 2011.
17 i

Ibid.
'8 Other variables were tested, but not includedhin final version of the theses due to the impolitsibof
reaching convergence. These variables were Hou&ileg Index (as a proxy for Retailing Space Priwdek),
and consumer credit.
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when the log likelihood function is the maximum.nilada is equal to 0.81. Table 3 presents
the results for the OLS estimation when the RS8hréhe minimum and Table 4 shows the

coefficients using MLE technique.

The OLS residuals allow us to perform a test on éiestence of a positive u.
Kumbhakar and Lovell (2000) list two types of testisere the null hypothesis is that u=0.
The first test was developed by Schmidt and Lin8&)9based on the second and third
moments of the OLS residuals. Nevertheless, theilmlison of this test is not widely
published (Kumbhakar and Lovell, 2000, p. 73). Tiber test was developed by Coelli
(1995) and it is asymptotically normally distribdteith mean zero and variance equal to one:

2 [25]

,6m§/1

Wherems; andm, are the third and second moments of the OLS radand | is the

number of observations. For our estimation, thé yesded 16.04. This means that the
residuals are positively skewed (as expected) laatdut is different from zero with a 0.01% of
significance. However, these tests are based ammsyic theory (Kumbhakar and Lovell,

2000, p.73). Therefore, the test result is gootljths not conclusive.

The next step is the calculation of equation [20fhe simplest form possible. After
performing the grid search we found that the lambd# minimizes the log likelihood
function is 0.795, smaller than in the standardecdsable 3 shows the coefficients for
equation [20]. In this scenare =-0.9653; b= 0.3657 and c=0.6293. All the coefficients
were significant. This outcome implies that if tpeedicted sales volume increases by 1
billion, total capital would increase by 365 miliapproximately. The log-likelihood ratio
test rejects the null hypothesis that u is equalet@ at 0.01 significance level. We call these

results “model 1”.

Now we can make an estimation of the level of oimfor each of the five firms.
Figure 2 reflects the calculations for the simplesse. The results show higher levels for
Target. Walmart, the company with the best perforceain terms of sales volume, has a
moderate level of optimism and Kmart has the lowesel of optimism. The value af,
which measures optimism, is very large in mosthef tases and it seems to increase with

time. We try to correct this by adding a trend.

The coefficients with the trend are in table 5. &lthem are significant and very close
to those reported in the previous regression. Taedthas a positive influence on capital
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acquisition. Figure 3 shows that the reported ogtim levels are much more moderate
although they are still high.

The final step is to include some control varigbbesides the trend. Equation [20] is

modified as follows:
Vit =a+bzi1:(A) +¢'z5:(A) + 0 Trend + 0 X33+ + 0 Xz, + buf, + &, [21]

Where x,; is a control variable and 1z.., Rrepresent the number of variables
analyzed. We test whether control variables ma#l#farence with respect to our findings in
the simplest model. We have two additional modehe third model includes the University
of Michigan Consumer Sentiment Index and the fountidel includes labor costs. Table (5)
reveals that the coefficients for z1, z2 and tranel stable and significant. An increment of
one billion in expected sales, increases futuratalapy more than 300 million. Every year

capital investment increases by approximately @ionil

The influence of consumer sentiment captured byiehigan index is negative. This
might seem paradoxical. If consumers are more denfiabout the future, managers choose
lower capital levels. An explanation could comenirohe nature of the discount retailing
business. Some of these businesses thrive duridgtitmes (e.g. Basker, 2008 finds that
Walmart sells “inferior goods” in the economic sensncreasing its revenues during
economic downturn). Therefore, if consumers havegative sentiment about the future, it
might be an opportunity to increase their clientékbor costs also have a negative effect on
capital investment. It seems coherent that if |admsts per worker are increasing the company

has less money to invest in capital.

The values for sigma andu are positive. The null hypothesis of the LR tesd was
rejected with 1% significance in the first two mtsdand 5% and 10% in the last two models.
Lambda did not fluctuate much. It was between @8 0.795. If lambda is equal to zero,
then the expected volume of sales is equal to itqus one plus the bias term. Conversely,
if lambda is equal to one then the expected sadesne is equal to the previous prediction
plus a difference among the biases of two conseeyeriods. Therefore, if lambda is close
to one it means that the prediction error is nkémainto consideration when expectations are
formed. The outcome reveals that managers usuaihgeat their estimations only taking into

consideration 20% to 25% of the previous mistake.
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Figures 3 to 5 represent graphically the optimikvels derived from models 2 to 4.
We found that the results are very similar. Tangethe company with the highest level of
optimism and Kmart has the lowest. Walmart and Seave moderate levels of optimism.
May’s decision to acquire a new company had a negafffect on the levels of optimism
reported. Before the acquisition May had the highesels of optimism. After the acquisition,
May'’s levels of optimism dropped substantially.

From these results, we cannot conclude that higéldeof optimism are related with
business failure. Kmart has the lowest levels dinogm of the five companies. With the
exception of 1984, Kmart's reported levels of opsinn were almost flat. Sears reported
diminishing levels of optimism as its market shsineank. May’s post-acquisition drop might
signal an adjustment period after a merge. On therdand, Walmart's optimism decreased
with time and their reported performance levels ramglerate. Target and Walmart’s results
support the idea that optimism is related with hpginformance. Nevertheless, our results are

far from conclusive.

6 Conclusions

In this study we presented a new application ofgfoehastic frontier literature. We
apply this methodology to assess the level of aptiminterpreting the previous technical
inefficiency as excess optimism. The stochastiotfes estimation had an additional level of
difficulty since it was dynamic which could requitee use of instrumental variables. We
selected an alternative approach by using a gattkeover the parameter lambda.

Our results corroborate partially with our expdotas. First, it has been proved that
under the assumption of no bias, OLS estimationMbE estimation yield the same results.
We performed a test with the OLS residuals to yewhether or not unrealistic optimism
exists and the result confirmed this assumption.céfesider this a partial confirmation since
the test relies on asymptotic theory. The next stap to estimate the model with the positive
bias. The log likelihood test rejected the null byyesis that the bias term was different from
zero. However, when thig term was calculated, the outcome reveals very hegbls of
excess optimism. The final step was to incorpoaatditional control variables like a trend,
the index of consumer sentiment and labor coststhé model. The outcome did not modify
our previous assessment much. The new results shawin general the companies that

perform poorer such as Kmart, exhibit low levelsoptimism while other firms such as
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Walmart or Target present high levels of optimisdar results challenge the idea of rational

expectations; managers make systematic mistakbgimassessments of future performance.
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8 Figures & Tables

Figurel
MLE & OLSEstimation First Model (Equation 9)
Using sales as an independent variable
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Optimism Level for the Five Selected Firms.
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Optimism Levels

Figure3
Modd 2; Addinga Trend Variable
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Optimism Levels
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Variable

Capital

Sales

Michigan Index of

Tablel

Description of the Variables Used

Source Description

Annual reports of the studied companies.Amounts expressed in billions of dollars

Calculated from the Balance Sheet.

of 1970.

Annual reports of the studied companies Amounts expressed in billions of dollars

Calculated from the Income statement.

Consumer Sentiment

Labor costs

http://www.sca.isr.umich.edu/main.php

of 1970.

Thompson Reuters/University of Michiganlt is based on a survey conducted by the

University of Michigan since 1946. The
survey has 50 core questions and it is
conducted telephonically. 500 people are
interviewed. The base period is 1966.

Annual reports of the studied companiesCalculated as the ratio of selling, general

and administrative expenses (SGAE) to
the total number of employees.

Table?2

Descriptive Statistics

Average Std. Dev/Avg Geo. Avg. Growth # obs
__ | Walmart 20,369.64 114% 20.17% 37
S |Target 4,944.4D 65% 6.70% 37
B z Kmart 6,269.46 52% 2.71% 31
8 2 | Sears 7,851.8( 37% -0.86% 33
é May Pre-merge 402.83 130% 2.08% 14
May Post-merge 997.85 111% -1.59% 17
Total general 6,806.00 172% 5.99% 169
Average Std. Dev/Avg Geo. Avg. Growth # obs
__ | Walmart 5,169.54 129% 23.86% 37
_ 5 | Target 2,148.15 81% 9.11% 37
£% |Kmart 1,419.76 68% 6.97% 31
§’ 2 | Sears 2,447.55 40% 2.32% 33
é May Pre-merge 235.40 134% 5.68% 14
May Post-merge 558.97 113% 3.51% 17
Total general 1,996.50 165% 9.55% 169
Average Std. Dev/Avg Geo. Avg. Growth # obs
S | Walmart 5.40 11.94% -0.48% 37
@ & | Target 5.04 20.66% 1.60% 37
OB |Kmart 5.97 10.77% 0.97% 31
% 8 |sears 7.57 13.37% -0.29% 33
B |§ May Pre-merge 4.45 7.35% -0.82% 14
~ | May Post-merge 4.96 7.61% 0.62% 17
Total general 5.73 22.17% 0.39% 169
Michigan Index of
Consumer Sentiment 86.77 13.25% -0.06% 169
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Table3

OL S Estimation of the Model with No Excess Optimism

Source SS df MS # of obs 169
F( 2, 166) 2240.56
Model 2040600000 2 1020300000 Prob > F 0
Residual 75591080.9 166 455367.957 R-squared B8/964
Adj R-sqr 0.9638

Total 2116100000 168 12596101.5 Root MSE 674.81
Y Coef. Std. Err. t P>t [95% Conf.  Interval]

Z 0.37 0.01 62.47 - 0.36 0.39

L 80.81 211.86 0.38 0.70 - 337.49 499.10
_cons 59.16 83.92 0.70 0.48 - 106.53 224.86

Table4
MLE Estimation of the M odel with No Excess Optimism
Lambda: 0.81 Number of obs= 169
Wald chi2(2) = 770993.71

Log Likelihood -153071.66 Prob > chi2 = 0

Y Coef. Std. Err. z P>z [95% Conf. Interval]
z 0.37 0.00 819.48 - 0.37 0.38
L 80.81 16.15 5.00 - 49.15 112.46
_cons 59.16 6.40 9.25 - 46.62 71.70
sigma2
_cons 2,646.66 22.15 119.50 - 2,603.25 2,690.06
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Table5

Results of Modified Version

Constant Z1 z2 Trend MichiganLabor |Lambda| Sigma y Sigma u| LR Test

Index Costs HO: u=0

-0.9653 0.3657 0.6293 0.7950 0.0534 1.1554 0.0000
Model 1| 0.0795 0.0065 0.1848 0.0254 0.0673

-1.2938 0.3155 1.1615 0.0533 0.7550 0.3342 0.7045 0.0070
Model 2| 0.1198 0.0053 0.1971 0.0067 0.0614 0.1065

*k%k *k%k *k%k *k%k *k%k

-0.6690 0.3149 1.2505 0.0619 -0.0087 0.7550 0.3434 0.6720 0.0250
Model 3| 0.3181 0.0053 0.2014 0.0078 0.0041 0.0666 0.1182

*% *k%k *k%k *k%k *% *%

-0.2720 0.3305 1.2435 0.0611 -0.0086 -0.0709 0.7800 0.3735 0.6046 0.0600
Model 4| 0.3734 0.0055 0.2109 0.0080 0.0041 0.0329 0.0651 0.1287

*%k%

*kk

*% *%
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