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ing effect nor driven by rash and sloppy survey responses by busy entrepreneurs. Nor can 
we relate it to the risk preferences of entrepreneurs or to a difficulty in understanding 
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tions: When prompted to rethink, 33% of the entrepreneurs update their risk beliefs. We 
reject the formal restrictions of a Bayesian learning model, in part because of the presence 
of optimistic entrepreneurs. 
 
JEL: D81, D84, D21. 

KEYWORDS: entrepreneurship, new firms, default, expectations, survival.  
 
 
HYYTINEN, Ari – PAJARINEN, Mika, MIKSI KAIKKI UUDET YRITTÄJÄT 
OVAT KESKIMÄÄRÄISTÄ PAREMPIA? TULOKSIA SUBJEKTIIVISISTA 
ELOONJÄÄMISTODENNÄKÖISYYKSISTÄ. Helsinki: ETLA, Elinkeinoelämän 
Tutkimuslaitos, The Research Institute of the Finnish Economy, 2005, 34 s. (Keskustelu-
aiheita, Discussion Papers, ISSN, 0781-6847; No. 987). 
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1 Introduction 

There seems to be considerable consensus in the literature that entrepreneurs are 

prone to unrealistic optimism. This consensus says, roughly, that the founders of 

new businesses tend to overestimate their chances of success and think that their 

businesses are (almost) failure-proof both in absolute and in relative terms. Sur-

vey-based field evidence reported in Cooper, Woo, Dunkelberg (1988) and Pin-

fold (2001) seems to provide the most direct empirical support for the consensus, 

for these papers focus on entrepreneurs’ probabilistic success rate expectations.1 

Eliciting expectations in surveys is, however, a controversial undertaking (e.g., 

Juster 1966, Manski 2004). The aim of this paper is to provide both a re-

assessment of some of the available survey-based field evidence and new insights 

on what might drive the documented bias in entrepreneurs’ judgment.  

 In their widely cited paper, Cooper at al. (1988) cleverly track and docu-

ment the perceived chances for success of nearly 3000 new entrepreneurs in the 

U.S.. The entrepreneurs were asked, “What are the odds of your business succeed-

ing?” and “What are the odds of any business like yours succeeding?”. Based on 

these two questions the authors uncovered a number of striking findings: 33% of 

the interviewed entrepreneurs believed that their changes of success to be a certain 

100%, and as many as 81% reported that their chances be no less than 70%. Given 

that the actual failure rates of new businesses is relatively high (about 40-50% 

newly created firms exit before the fourth year after the start-up), these numbers 

suggest that the entrepreneurs are optimistic in absolute terms. Around 68% of the 

                                                 
1 A number of elegant theories have been put forward both in psychology and more recently in 

economics to explain the phenomenon and its implications. These theories include but are not 

limited to de Meza and Southey (1996), Bernardo and Welch (2001), Landier and Thesmar (2003), 

Brocas and Carillo (2004) and van den Steen (2004). 
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entrepreneurs also thought that they will do better than any business like theirs. 

Albeit this finding cannot literally be taken to mean that more than 50% believe 

that they will do better than the median (which would imply a logical error), it 

shows that the entrepreneurs are optimistic also in relative terms.  

 The questions used by Cooper at al. (1988) suffer, however, from certain 

defects. Perhaps the most obvious of them is that the time period over which the 

chances of success were supposed to be measured was not specified. This omis-

sion is potentially important, for in the long-run, all firms fail (and we are all 

dead). Pinfold’s (2001) empirical note addresses this defect. In this study, a sam-

ple of new business founders in New Zealand were asked to estimate the probabil-

ity that their business and similar ventures would still be operating five years after 

start-up. Less than 6% of the respondents believed that probability to be 50% or 

lower for their own venture. About 40% of the respondents believed the same 

probability to be 50% or lower for similar ventures. Again, the numbers suggest 

that new business founders suffer both from absolute and relative optimism.  

 Academic economists often assume that decision makers in general and 

entrepreneurs in particular have expectations that are rational and objectively cor-

rect. The profession is, in particular, quite skeptical about how useful probabilistic 

expectations data are and how accurately such expectations can be elicited in sur-

veys (see the discussion in e.g. Dominitz and Manski 1997a, 1997b, and Manski 

2004). This skepticism can be extended to the available field evidence that bears 

on entrepreneurial optimism, such as that provided by Cooper et al. and Pinfold. 

In particular, the available empirical evidence from the field does not seem to rule 

out certain obvious explanations for the optimistic bias in entrepreneurs’ judg-

ment: Is it an outcome of how the question is framed? Is the finding simply due to 

rash survey responses that the entrepreneurs (who obviously are busy in managing 
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their recently established businesses) sloppily give? Do biased failure rate expec-

tations reflect a particular type of measurement error, because the elicited beliefs 

get obfuscated with the risk preferences of entrepreneurs? Does entrepreneurial 

optimism emerge from the difficulty entrepreneurs may have in understanding 

algebra of probability or because they do not make full use of the modern prob-

ability theory (cf. Camerer and Webber 1992)? Or is it related to the way entre-

preneurs form and update their failure rate expectations? This paper addresses 

these apparent gaps in the empirical literature. 

 To that end, we document and characterize the failure rate expectations of 

owner-managers of a sample of four-month-old start-ups. This new field evidence 

comes from a recent Finnish survey (from 2004) and echoes the findings made in 

the previous literature: The founders of new businesses grossly underestimate the 

rate of failure of their own business both in absolute and in relative terms. What is 

more important is that these new field data allow us to rule out certain obvious 

explanations for entrepreneurial optimism: First, it is not due to a framing effect: 

Unlike the previous studies, we frame the question in terms of the probability that 

the respondent’s new business fails. Despite this change of frame, the bias contin-

ues to exist. Second, it is not driven by rash and sloppy survey responses by busy 

entrepreneurs. We can find no evidence that absolute or relative optimism is re-

lated to the time it took for the respondents to provide their estimate of the failure 

probability. Further, the bias cannot be related to variables that proxy the risk 

preferences of entrepreneurs. Nor can we find a statistically significant relation 

between the estimated failure probabilities and managers’ (in)ability to understand 

a simple law of probability. We do find, however, that people are clearly unwill-

ing or unable to provide an estimate of the rate of failure for a typical start-up that 

is in the same line of business and founded at the same time as that of the respon-
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dent. This question draws a large amount of non-response, as only 71% of the 

completed interviews included a response to this question. This finding indicates 

that people are not comfortable with presenting or forming estimates of base rates. 

We cannot relate this non-response to optimism, however.  

 After ruling out these apparently obvious explanations for entrepreneurial 

optimism, we consider the way entrepreneurs form and update their failure rate 

expectations. Entrepreneurs’ risk beliefs are not rigid or immutable, as entrepre-

neurs do not simply stick to their priors when they are prompted to rethink the 

likelihood at which their new business will fail and when they are reminded of the 

base rate at which new firms in general fail. We find that 33% of the entrepre-

neurs update their risk beliefs, but we reject the formal restrictions of a Bayesian 

learning model. Optimists appear to update their beliefs in a way different from 

their more realistic (or pessimistic) counterparts. 

 Two final findings of ours are as follows: First, education matters: Univer-

sity education increases the likelihood that an entrepreneur believes that his newly 

started business will fail at a higher rate than the actual average failure rate. It also 

decreases the likelihood that he believes that his own business will fail at a lower 

rate than similar businesses. Second, 22% of the new entrepreneurs seem to suffer 

from the gambler’s fallacy. This error in inference accounts for 58% percent of 

the incorrect answers to the survey question that measures entrepreneurs’ ability 

to understand a simple law of probability. 

To be sure, there also exists other empirical evidence (besides the referenced 

field evidence) which suggests that entrepreneurs’ expectations may be biased. 

These other accounts do not, however, directly focus on success (or failure) rate 

expectations: Using British Household Panel Study, Arabsheibani, de Meza, Ma-

loney and Pearson (2000) find, for example, that the self-employed predict better 
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financial outcomes than employees, but suffer from worse realizations. Landier 

and Thesmar (2003) document that when predicting the growth rates of their busi-

ness, French entrepreneurs make optimistic expectation errors. Some interesting 

experimental evidence is reported in the famous study of Camerer and Lovallo 

(1999) and more recently in Coelho, de Meza and Reyneirs (2004).2 Our paper 

augments this wider literature, for none of these studies consider the sources of 

the entrepreneurs’ bias from the perspective we do, nor do they provide any em-

pirical evidence on how entrepreneurs update their beliefs.  

 The plan of the paper is as follows. Section 1 describes our empirical re-

search design and motives in more detail certain obvious explanations for entre-

preneurial optimism that the previous empirical literature have not to our best 

knowledge addressed. Section 2 describes the field data and definition of vari-

ables. Section 3 presents the main results. Section 4 offers some concluding re-

marks.  

 

2 Empirical research design 

Our empirical research design consists of three parts:  

 Part I: In the first part we check whether our new field evidence from 

Finland echoes the findings made in the previous literature. A first robustness 

check of the previous field evidence is already incorporated into this check: 

Unlike the previous studies, we frame the question of the likelihood that the re-

spondent’s business succeeds in terms of the probability that the new business 

                                                 
2 There also exists an extensive psychology and behavioral economics literature on unrealistic 

optimism and overconfidence (see, e.g., Debondt and Thaler 1995 and Rabin 1998 for reviews). 

This literature suggests that these biases in judgment are pervasive and not just an idiosyncratic 

characteristic of entrepreneurs. 
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fails. The entrepreneur were asked, “Please estimate the probability that your ven-

ture fails and is not in business three years from now?” (IFAIL) and “How many 

percent of the ventures that operate in the same line of business and were estab-

lished at the same time as yours will fail and is not in business three years from 

now?” (OTHERSFAIL). The frame is thus opposite to that used in the previous 

studies, Cooper et al. and Pinfold in particular. This manoeuvre may sound trivial 

to some, but we would argue that it is not: There exists extensive amount of em-

pirical evidence documenting that how people respond (in surveys and experi-

ments) depends drastically on the way questions are presented to them (i.e., 

whether the questions are framed in a certain way; see, e.g., Tversky and Kahne-

man 1981 and also Diamond and Hausman 1994).  

 We build on the reported failure probabilities elicited using the above de-

scribed questions to form two indicators of optimism. The first measures the like-

lihood that an entrepreneur believes that his newly started business will fail at a 

lower rate than the actual average three-year failure rate of new Finnish busi-

nesses. To measure this, we code a dummy variable, AOPT, which equals one if 

the respondent thinks that the probability that his venture fails in three years from 

now is lower than the actual average three-year failure rate of new Finnish busi-

nesses. We use this dummy as a proxy for absolute optimism. While very crude, 

the primary use of this proxy is that it allows us to identify the set of entrepreneurs 

who, on average, hold optimistic expectations and to study their observable char-

acteristics and behavior. The cut-off point we use is 40% and hence AOPT = 1 if 

IFAIL < 40% and zero otherwise. The cut-off is taken from Eurostat (2004, p. 47) 
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and it refers to the actual average three-year failure rate of new Finnish busi-

nesses. It is the best point estimate we are aware of.3  

 The second indicator of optimism measures an entrepreneur’s estimate of 

how much more (less) likely it is that similar businesses fail than it is that his own 

business will fail in three years time. We use the difference between the two 

stated probabilities as a proxy for this type of relative optimism: The difference is 

computed ROPT = OTHERSFAIL – IFAIL and is therefore increasing in the de-

gree of relative optimism.  

 Part II: Having established that the new field evidence available to us in-

deed echoes the findings made in the previous studies, we evaluate the robustness 

of this evidence. We consider, in particular, the following assertions often made 

about the meaningfulness of the (probabilistic) survey responses:  

• Assertion 1: “Founders of new businesses have neither incentive nor time 

to answer carefully in surveys and thus to provide an accurate estimate of 

the failure rate of their businesses.” If lack of care is pervasive, it might 

render the responses next to meaningless. We evaluate this assertion using 

our indicators of optimism in a number of ways: We regress the indicators 

on the time it took for the respondents to answer to the survey questions 

used to elicit the expectations. Our hypothesis is that if optimism is due to 

rash and sloppy responses, we should find a relation between AOPT (or 

ROPT) and the response times because it takes, on average, less time to 

give a sloppy response than a well-thought-out one. Another pattern of re-

sponse that might indicate a lack of care is the frequency at which the re-

sponses are rounded to {0, 50, 100} (see Dominitz and Manski 1997a, 

1997b, Manski 2004). We check for this possibility, too. Finally, we com-

                                                 
3 Use of other cut-offs (for example, 30% or 50%) yielded similar results.   
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pare the average durations it took for the respondents to reply to the prob-

abilistic failure rate questions to the average durations of the other ques-

tions that were presented in the survey.  

• Assertion 2: “Probabilistic expectations get in surveys obfuscated with the 

risk preferences of entrepreneurs.” A view underlying this type of criti-

cism is that that the method used to elicit expectations does not allow for a 

proper distinction between the risk preferences of entrepreneurs and their 

probabilistic risk assessments. If that is the case or if the expected utility 

theory “fails” and entrepreneurs let their preferences toward risk intervene 

with their probabilistic assessments of the risk, spurious evidence for op-

timism might follow. In particular, if the respondents’ risk aversion corre-

lates positively with their (stated) assessments of risk, the previous esti-

mates of entrepreneurial optimism would be biased upwards (as suggested 

e.g. by Kahneman and Tversky 1979). We regress the indicators on a 

number of proxies of risk aversion to check for this possible source of bias 

in the field evidence. Our hypothesis is that if probabilistic expectations 

get in surveys obfuscated with the risk preferences, we should find a statis-

tically significant relation between the proxies of optimism and risk aver-

sion.  

• Assertion 3: “Entrepreneurs have difficulties in understanding algebra of 

probability and hold therefore less than rational expectations on the failure 

rate of their business”. The analysis of Camerer and Webber (1992), for 

example, supports an assertion like this. Moreover, if respondents find it 

difficult to think in terms of probabilities, they may be unwilling to re-

spond to probabilistic questions (Dominitz and Manski 1997a, 1997b, 

Manski 2004). To examine the effects of this type of bias in the field evi-
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dence, we regress the indicators of optimism on a variable that describes 

how well the respondents understand a simple law of probability. We also 

check whether the questions eliciting probabilistic failure rates draw more 

non-response than other questions. Finally, we report the frequency at 

which the founders of the new ventures in our data seem to suffer from the 

“gambler’s fallacy” (i.e., rely on a form of “law of small numbers”; see 

Rabin 2002).  

It is important to emphasize that our aim is not to take a stance on whether these 

assertions or more generally any type of hostility to subjective expectations data 

are warranted. Being cautious is prudent. The aim of this part of our empirical 

design is just to apply this standard of prudence to the specific question at hand by 

checking whether the field evidence on entrepreneurial optimism is robust to the 

criticism.  

 Part III: In the third part we develop and estimate a simple model of 

Bayesian updating to bear some new evidence on the way entrepreneurs update 

their risk beliefs. Our field evidence allows us to say something about the updat-

ing of risk beliefs, because interviewers provided the respondents with a piece of 

base rate information. This information was about the average likelihood of a new 

firm failing in Finland during its first three years. Based on a random assignment, 

about 60% of the respondents in our estimating sample were (just before the last 

questions of the survey) told “It is often argued that only one out of five new firms 

fails and is not in business three years after the start-up”. The remaining 40% 

were told “It is often argued that as many as four out of five new firms fails and is 

not in business three years after the start-up”. Right after this base rate informa-

tion had been presented, the entrepreneurs were asked “In light of this informa-

tion, please estimate the probability that your venture fails and is not in business 
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three years from now?” (IFAIL_UD). The estimates of the Bayesian learning 

model (that we are about to formulate) will be based on this updating opportunity.  

 Why was the survey designed in this way? Before answering the question, it 

is worth noting a couple of problems that the designer of a survey faces when 

planning this type of set-up: In general, she/he (as an econometrician) does not 

have any information about the likelihood of failure of a respondent’s own firm. 

Firms cannot therefore be provided any new information about it. Moreover, the 

actual average three-year default rate is not observed either, as the survey de-

signer only has statistical estimates for it. At the beginning of 2004 when the sur-

vey was completed, no one had bankruptcy data to estimate the rate for the rele-

vant period from 2004 to 2007. The best point estimate (based on historical data) 

available at the time was 40-41%, which literally only applies to firms that were 

founded in 1998 (see Eurostat, 2004, p. 47). While informing the respondents 

about this best point estimate was of course an option, it would not have not in-

duced variation in the piece of information that was to be provided to the cross-

section of respondents. Moreover, to induce variation (and thereby to make it pos-

sible to empirically identify learning/updating), one would have had to choose at 

least two points from the range over which the actual three-year default rate is 

likely to be distributed.  

 Entrepreneurs were not provided with two close-by point estimates of the 

base rate around its mean. Instead, the two randomly chosen sub-samples were 

reminded of the two somewhat arbitrarily chosen base rates: 20% and 80%. For 

the purposes of this study, these base rates can be reconciled at least in part with 

the following reasoning: Based on the available evidence, one can expect that en-

trepreneurs would, on average, provide quite optimistic failure probabilities, both 

for their own business and for their fellows’ businesses. A reasonable conjecture 
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is that the average of the latter would be somewhere around 20-25%. Given the 

prior subjective beliefs, informing the respondents about this base rate provides 

the average respondent with no new information. In this paper, we call the group 

of entrepreneurs to whom this base rate information was presented “the low base 

rate group”. The second number, 80%, is relatively large, implying a very high 

average risk of failure. We call the group of entrepreneurs to whom this higher 

number was presented “the high base rate group”. This base rate is clearly higher 

than the average of the stated subjective probabilities. It is probably regarded rela-

tively – if not entirely – implausible by most respondents. These two pieces of 

information impose hence no (or only a negligible) need to update beliefs, be-

cause if both of them are deemed imprecise (implausible) or are not new, they can 

and will be ignored at no cost. It thus appears that the survey design in other 

words created a bias towards finding evidence that the prior dominates. Note, fi-

nally, that neither the survey framework nor the Bayesian learning model forces 

the respondents to use in any way the piece of base rate information provided to 

them.  

 To formulate the Bayesian model, we follow Viscusi and O’Connor (1984), 

Viscusi (1997) and Hakes and Viscusi (1997), and Viscusi and Evans (1998) who 

assume that individuals adopt a Bayesian learning approach. We also adopt this 

assumption and focus on a single equation in which the dependent variable is en-

trepreneurs’ updated estimate of the probability that their venture fails (i.e., 

IFAIL_UD). In this framework, the events of failing are regarded as independent 

Bernoulli trials and the associated risk probabilities are characterized using a beta 

distribution. The parameters of the prior distribution are p, the prior risk assess-

ment (of the likelihood of failure, i.e. IFAIL), and γ, the precision that the entre-

preneurs attach to their prior. We regard the receipt of new information about the 
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average failure rate as roughly equivalent to observing “additional Bernoulli tri-

als” concerning the riskiness of new ventures. The informational content of the 

numbers that was provided to the entrepreneurs in the survey depend on two pa-

rameters: ξ, which is the precision of the new information and s, which is assumed 

to be the risk implied by the new information (e.g., the fraction of the additional 

Bernoulli trials that reflect failure.)  

 For the beta family of distributions, the posterior probability of failure after 

receiving the new information is given by (see for example Viscusi and O’Connor 

1984 and Viscusi 1997) 

 posterior p s p sp γ ξ γ ξ
γ ξ γ ξ γ ξ
+

= = +
+ + +

       (1) 

To derive our estimating equation, we let i index the respondents and j  denote 

the base rate group to which respondent i belongs. There is cross-sectional varia-

tion in p (i.e., it varies across the respondents), but conditional on the group re-

spondent i was assigned to, s does not. The reason for this is that each respondent 

i was provided with only one piece of base rate information.  

 The empirical counterpart of (1) is  

 _ ji j j ji jiIFAIL UD IFAILα β ε= + +      (2) 

where /( )j j j jsα ξ ξ γ= + , /( )j jβ γ γ ξ= + , and jiε  is the error term. The nature of 

the learning process is captured by coefficients jα  and jβ . If the respondents 

completely disregard the information provided to them, 0jα =  and 1jβ = . On 

the other hand, if the new information is taken at face value, we should observe 

0jα >  and 0jβ = . The risk level implied by the new information is given by 

/(1 )j j js α β= − , but this estimate is not easy to interpret in the present context. It 

reflects, at least to some extent, how the default rate of respondent i’s new busi-
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ness maps to changes in the average default rate. The informational content of the 

stated average default rate of new businesses relative to the prior, jΨ , is easier to 

interpret, because higher values of jΨ  mean greater precision of the stated aver-

age default probability relative to the respondents’ initial judgments. It is given by 

/ 1/ 1j j jξ γ βΨ = = − .  

 

3 Data 

3.1 Survey description 

The field evidence for this study comes from a Finnish cross-sectional survey of a 

sample of (approximately) four-month-old start-ups conducted by The Research 

Institute of the Finnish Economy (ETLA). The central features of the survey are 

as follows:  

 The survey was nation-wide and it covered initially all start-ups that were 

founded in October 2003. The survey was completed between January 22 – March 

11, 2004. The survey was conducted by computer assisted telephone interviews. 

Interviews were carried out by Tietoykkönen Ltd, which specializes in research 

and marketing information services, fieldwork, and statistical data analysis and 

has about 15 years experience from the field.  

 The initial population consisted of 2207 firms which were granted a new 

business identity code by one of the many possible registration offices, such as the 

Finnish Trade Register and tax authorities. Of this initial population 870 firms 

were eventually reached for an interview. The primary reason for not reaching a 

start-up was “technical” in nature: no response was received from the registered 
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phone number despite numerous attempts (758 firms).4 Entrepreneurs’ contact 

information was not available due to confidentiality reasons in 579 cases.5 From 

those that were successfully contacted, 202 responded that their firms were not yet 

active in business. Of those firms which were active and available for an inter-

view, 64 percent (426/668 firms) agreed to be interviewed. A small number of 

interviews could not be fully completed, primarily due to linguistic problems (33 

firms) which reduced the response rate to 59 percent (393/668).  

 The number of completed interviews available to us is 393. Most of the 

analysis in this paper focuses, however, on the 272 businesses which responded to 

all three failure-expectations questions and which provided some basic demo-

graphic and other data we decided to use for this study. We occasionally use a 

larger sample that consists of 366 firms to illustrate the robustness of our main 

findings, and to consider possible biases due to non-response to certain questions.  

 The core questions in the survey asked respondents about their (and other 

founders if more than one) personal background, various details of the start-up 

and problems related to starting the business. There were also a set of general atti-

tude questions related to entrepreneurship and start-ups. In this study we focus on 

the subset of the questions elicited entrepreneurs’ views about the chances of suc-

cess of their new business.  

 

                                                 
4 The number of calls per phone number varied from 1 to 11. Busy lines were redialed at least 5 

times. 

5 According to the Finnish legislation very small businesses have right to keep their contact infor-

mation secret. A criterion for secrecy is that the annual turnover is less than 8500 euros. 
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3.2 Control variables 

We have already described and defined IFAIL, OTHERSFAIL, AOPT, and 

ROPT, which are the key variables of this study. The other variables that we use 

are as follows:  

RETIME1 measures the time (in seconds) it took for the respondent to come 

up with an answer to IFAIL and RETIME2 to OTHERSFAIL, respectively. Risk 

preferences are proxied by two variables, the first of which is called LOTTERY. 

This variable is defined as the sum of money that the respondent was willing to 

pay for a single ticket in a (hypothetical) lottery that had 10% chance to win 1000 

euros and 90% change to win nothing. The second proxy for risk preferences is 

called RISKLOVE. This variable simply reflects the answers to question “I love 

risk-taking”. The respondent had to use a scale from 1 to 4 (in which 1 stood for 

complete disagreement and 4 for complete agreement). RISKLOVE equals 1 if 

the answer was 3 or 4, and 0 otherwise. Understanding algebra of probability is 

captured by PROB, which is a dummy variable that equals 1 if the correct answer 

was given to the following question (and 0 otherwise): “We toss a regular coin 

four times and get every time tails. What is the probability for heads in the next 

toss?” 

Variables that characterize respondents’ background include the following: 

i) ACADEMIC = 1 if respondent has an academic degree and 0 otherwise; and ii) 

COLLEGE = 1 if respondent has a college level degree. The omitted category in 

is other than academic or college level education. Previous work and entrepre-

neurship experience is measured by variable EXPERIENCE, which sums respon-

dent’s work and entrepreneurial experience in the field of his/her start-up in years. 

Another measure of experience is WORKED, which equals 1 if respondent was 

employed prior to starting his/her new business and 0 otherwise. In addition, we 
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have dummies for marital status and sex: SINGLE = 1 if the respondent was sin-

gle at the time of interview and 0 otherwise; and FEMALE = 1 for females and 0 

for males. NCHILD measures the number of children in the respondent’s house-

hold. Finally, AGE is the age of the respondent in years.  

 

4 Results 

4.1 Part I: New field evidence 

Table 1 reports the distribution of IFAIL and OTHERSFAIL. It shows that the 

average of IFAIL is 13% and the median 5%. As many as 89% of the respondents 

think that the likelihood of failure of their new venture is 40% or less in three 

years time. Given that the actual three-year default rate is on average about 40%, 

the entrepreneurs seem to hold beliefs that are optimistic in absolute terms. Most 

entrepreneurs consider themselves better managers than average, for 76% of the 

respondents think that the likelihood of failure of the new ventures run by other 

entrepreneurs is 40% or less in three years time. The average of OTHERSFAIL is 

26% and the median 20%. These numbers indicate relative optimism. Albeit we 

have framed the question in terms of the probability that the business fails, the 

bias exist in our data and is similar in magnitude to that documented in the earlier 

analyses using the opposite frame (cf. Cooper et al. 1988, and Pinfold 2001).  

 

[Insert Table 1 here] 

 

 Table 2 reports descriptive statistics for AOPT and ROPT. The table pro-

vides further evidence for entrepreneurial optimism. Of particular interest is to 

note that 63% of the respondents think that their new business has a lower prob-
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ability of failure than other similar ventures in the same line of business that were 

founded at the same time. Only 14% of the respondents think the opposite. These 

numbers speak for relative optimism: Almost all entrepreneurs think they are bet-

ter than average. The mean of ROPT tells us that the respondents think on average 

that their own business is 12 percentage points less likely to fail than that of the 

others in three years time.  

 

[Insert Table 2 here] 

 

Our field evidence provides us with some additional evidence for entrepre-

neurial optimism on and above that presented in Table 1 and 2. First, the entrepre-

neurs were asked to evaluate their own ability to be a successful entrepreneur on a 

Likert scale from 1 to 10. The median and average score to this question is 8, and 

no one in our estimating sample reported a score below 5. As many as 76% of the 

entrepreneurs think that their ability is 8 or higher. Second, the entrepreneurs were 

asked to evaluate their own ability to be a successful entrepreneur relative to the 

entrepreneurs who are in the same line of business and who established their firms 

at the same time. On a five-point scale, only 2% (51%) of the respondents thought 

that their ability was lower (higher) than that of their fellow entrants. Interest-

ingly, when the entrepreneurs were asked to evaluate their own ability to be a suc-

cessful entrepreneur relative to incumbent entrepreneurs who are in the same line 

of business, relative optimism disappears. On a five-point scale, 40% of the re-

spondents thought that their ability is lower than that of the incumbents and only 

14% thought that it is higher.  
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4.2 Part II: Ruling out obvious explanations 

Table 3 and 4 present a number of estimations that try to link AOPT and ROPT to 

{RETIME1 (or RETIME2), LOTTERY, RISKLOVE, PROB, ACADEMIC, 

COLLEGE, AGE, FEMALE, SINGLE, NCHILD, WORKED, EXPERIENCE}. 

In table 3 the dependent variable is AOPT, and the method of estimation Logit. In 

table 4 the dependent variable is ROPT and the method of estimation OLS with a 

heteroskedastic-robust variance-covariance matrix.  

 The results show that we cannot find a relation between AOPT (or ROPT) 

and the response time, RETIME1 (or RETIME2). Nor is there a statistically sig-

nificant relation between the proxies of optimism and risk aversion (LOTTERY or 

RISKLOVE). PROB has no effect on ROPT, but it does have a marginally sig-

nificant positive effect on AOPT (at the 10% level) when the demographic con-

trols are included in the regression. The positive effect means, however, that un-

derstanding algebra of probability increases absolute optimism, which is in con-

trast to the hypothesis that optimism is due to problems in understanding the laws 

of probability.  

 

[Insert Table 3 here] 

 

[Insert Table 4 here] 

 

 A final finding from Table 3 and 4 is that education matters: University edu-

cation (ACADEMIC), for example, increases the likelihood that an entrepreneur 

believes that his newly started business will fail at a higher rate than the actual 

average failure rate. It also decreases the likelihood that he believes that his own 
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business will fail at a lower rate than similar businesses. The estimates suggest, 

moreover, that EXPERIENCE increases absolute but not relative optimism.  

 Are there any other signs that might indicate a lack of care or unwillingness 

to respond to the probabilistic questions? While not reported in the table, a pattern 

worth noting is that while some respondents round their probabilities to the values 

{0, 50}6, it also is very frequent in our data that the probabilities are round to the 

nearest multiple of five. This finding is similar to what, e.g., Dominitz and Manski 

(1997a, pp. 270) report in their analysis of the perceptions of economic insecurity. 

When we regress a dummy indicating whether the respondent did round his prob-

ability to the values {0, 50} on the time it took for him to reply to the question, we 

find that in the case of IFAIL, there is a negative and statistically significant (at 

the 5% level) relation. For OTHERSFAIL, we find no such statistically significant 

effect (albeit the estimated coefficient is negative). This suggests that rounding to 

{0, 50} may indeed signal a care of lack. Note, however, that we find no evidence 

that the response times correlate with optimism (see Table 3). We can also com-

pare the average time it took for the respondents to reply to the probabilistic fail-

ure rate questions to the average time of the other survey questions. Albeit this 

comparison is not without its problems, it provides no indication that people have 

responded to them more sloppily than for example to the other questions involv-

ing probabilities. The average response time to IFAIL (OTHERSFAIL) in the 

estimating sample is 16 seconds (18 seconds), which compares to 25 seconds to 

LOTTERY and 21 seconds to PROB. Note, however, that these response times 

include the time it took by the interviewer to read the question and that the word-

                                                 
6 No one reported that his or her firm would fail in three years with probability one.  
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ing of the LOTTERY and PROB -questions is somewhat longer than that of 

IFAIL and OTHERSFAIL.7  

 We can also check whether the questions eliciting probabilistic failure rates 

draw more non-response than other questions. The number of observations in our 

basic estimating sample is 272, but the number of fully completed interviews is 

393. This larger sample indicates that 97% of the respondents gave probability 

responses to IFAIL. This compares to PROB (96%), LOTTERY (99%), AGE 

(100%) and to the response rates to the probabilistic questions concerning labor 

force participants’ perceptions of economic security in the U.S. (response rate = 

98%; see Dominitz and Manski 1997a, p. 270). A dramatic finding is, however, 

that the response rate to OTHERSFAIL is as low as 71%. People are clearly un-

willing or unable to provide an estimate of the rate of failure for a typical start-up 

that is in the same line of business and founded at the same time as that of the 

respondent. This non-response indicates that people are not comfortable with pre-

senting or forming estimates of base rates. It also is the primary reason why our 

basic estimating sample is smaller than the sample consisting of completed inter-

views. We cannot use the larger sample throughout the paper, because we would 

not be able to compute ROPT. However, the main results presented so far for ab-

solute optimism (based on AOPT) are not changed if we use the larger sample. 

For example, if we re-run the regressions of Table 3 using the largest possible 

sample of 381 observations, essentially nothing changes.8  

                                                 
7 The LOTTERY-question consists, for example, of 20 words (140 characters with not spaces) and 

the IFAIL-question of 15 words (131 characters with not spaces). Of course, asking and respond-

ing to easier questions, such as the year of birth (AGE; 5 seconds), is faster.  

8 The only minor changes relate to significance levels: in the models (4) and (8) the significance of 

PROB slightly increases and is now significant at 10% and 5% levels. In addition, significance of 

EXPERIENCE increases and ACADEMIC and COLLEGE decrease: in the models (5)-(8) EX-
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 To conclude this part of our empirical research set-up, we report the fre-

quency at which the founders of the new ventures in our data seem to suffer from 

the “gambler’s fallacy” (i.e., rely on a form of “law of small numbers”). In our es-

timating sample, 22% of the respondents think that after observing four heads in 

row, the likelihood that the next toss of the coin results in tails is strictly higher than 

50%. This error in inference accounts for 58% percent of the incorrect answers to 

PROB. When a dummy equaling one for those who suffer from this error is in-

cluded as a new regressor to the regression models (4) and (8) of Table 3 and 4, we 

find no evidence that “gambler’s fallacy” is related to entrepreneurial optimism.  

 

4.3 Part III: How are risk beliefs updated?  

To evaluate how entrepreneurs update their risk beliefs, we first compare 

IFAIL_UD to IFAIL. On average entrepreneurs revise only slightly their failure 

rate expectations in the light of the base rate information provided to them: The 

overall mean of IFAIL_UD is 12.8%, which is nearly identical to the mean of 

IFAIL. The difference is -0.6 percentage points, which is not statistically signifi-

cant. The medians of IFAIL_UD and IFAIL are also similar, and we fail to reject 

the null hypothesis of equality of the medians. As many as 67% of the respon-

dents (i.e., 184 out of 272) stick exactly to their prior, but the remaining 33% up-

date their beliefs in the expected direction: Conditional on IFAIL_UD ≠ IFAIL, 

the mean decrease in the low base rate group is -2.68 percentage points and the 

mean increase in the high base rate group is 1.64 percentage points.  

 
PERIENCE is significant at 1% level, ACADEMIC is significant at 10 percent level in the models 

(5)-(7) and 5% level in the model (8) and COLLEGE is not significant in any models even at 10 

percent level. The mean of AOPT in this larger sample of 381 observations is 0.882 and IFAIL 

13.320. These values are quite identical to the means calculated from our estimating sample. 
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 These preliminary observations (and the fact that the design of the field ex-

periment is somewhat biased towards finding that the prior dominates) lead us to 

conjecture that the Bayesian learning model might fit the data well: If, for exam-

ple, prior information dominates, we should find that 0jα = , 1jβ = , and that the 

coefficient of determination is near to unity. This is not quite the case, as we will 

show next. 

 The OLS estimates of the Bayesian learning model (and the associated het-

eroscedasticity-robust standard errors) are presented in Table 5, separately for the 

low and high base rate groups. The first two columns show that the estimate of jβ  

is 0.620 and 0.791 and that of jα  0.029 and 0.042 in the low and high base rate 

groups, respectively. Albeit plausible as such, these estimates allow us to easily 

reject the joint hypothesis of 0jα =  and 1jβ =  at better than 5% level for both 

groups. This finding implies that the respondents do not simply stick to their pri-

ors. Neither the estimates nor this rejection hints of any fundamental misspecifica-

tion of the learning model. However, Ramsey’s RESET tests indicate that the 

functional form can be questioned and that the models may miss some potentially 

important variables or non-linearities. As shown in the table, the tests reject the 

null of no misspecification at better than 1% significance level.  

One way to try to salvage the linear learning model is to evaluate whether 

the signs of statistical misspecification are driven by those whose prior default 

probability was exactly zero. These probabilities cannot be updated in the Bayes-

ian framework, which cannot handle certain events. Moreover, it is possible that 

the signs of misspecification are due to peculiar updating by those who are opti-

mistic either in absolute or in relative terms. To allow for these possibilities, we 

include ZERO (= 1 if IFAIL = 0 and 0 otherwise), AOPT and KAOPT (= AOPT 
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times IFAIL), as well as DROPT (= 1 if ROPT > 0 and 0 otherwise) and 

KDROPT (= DROPT times IFAIL).  

Columns (3)-(6) report the results. Three findings are of particular interest: 

First, Ramsey’s RESET tests no longer reject the null hypothesis of no problems 

with the functional form in columns (3) and (4), where AOPT and KAOPT are 

included. These variables obtain in three out of the four cases statistically signifi-

cant coefficients. However, the tests do reject in columns (5) and (6), where nei-

ther DROPT nor KDROPT obtain significant coefficients. These findings suggest 

that allowing for absolute optimism in the linear learning model salvages the 

model in statistical terms at least to some extent. The estimates also indicate that 

those who are optimistic in absolute terms update their beliefs in a way different 

from their (realistic) counterparts. The second finding of interest is that “pessi-

mists” (i.e., those with AOPT = 0) give clearly a much larger weight on the low 

base rate than optimisms (AOPT = 1), who let their prior dominate. We cannot 

reject the null hypothesis that 0jβ =  when AOPT = 0 in this low base rate group. 

However, 0jβ =  can easily be rejected at better than 1% significance level when 

AOPT = 1 (Coefficient = -0.225 + 0.989 ≈ 0.764, p-value < 0.01). For the high 

base rate group, we see no such difference, as the coefficient of KAOPT is not 

significantly different from zero. Finally, ZERO obtains a positive and significant 

coefficient in the high base rate group, but not in the low base rate group. This 

finding indicates that some entrepreneurs responded in an “alarmist” fashion to 

the high base rate reported to them, which interestingly compares to the results 

reported in Viscusi (1997).9 

                                                 
9 A similar finding puts the negative (but insignificant) coefficient of IFAIL in column (3) into a 

perspective: see the next footnote.  
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Columns (7) and (8) reports the most parsimonious versions of the Bayesian 

learning model that pass the RESET specification tests. For the low base rate case 

(column (7)), we reject the joint hypothesis that 1jβ =  and 0jα =  for the opti-

mists (i.e. for those with AOPT = 1). In this specification, the constant term 

( ˆ 0.367jα = ) has a simple interpretation, as it equals the average of IFAIL_UD, 

conditional on being a realist (i.e. AOPT = 0) in the low base rate group. This 

conditional average is quite a bit lower than the corresponding conditional aver-

age of the prior (IFAIL), which is 0.539.10 For the high base rate group (column 

(8)), we cannot reject at the 5% level the joint hypothesis that 1jβ =  and 0jα =  

for the optimists, as the Wald-test obtains a value of 2.87 and has p-value of 

0.061. For realists, the corresponding Wald-test obtains a value of 3.81 and has a 

p-value of 0.025.  

As measured by the coefficient of determination, R2, the overall fit of the 

basic learning models in columns (1) and (2) is somewhat worse than that of the 

re-specified learning models reported in column (7) and (8). These models also 

have the desirable property that the predicted values from the OLS regressions fall 

within the unit interval. As Papke and Wooldrige (1996) have recently empha-

sized, this property cannot be taken for granted: A linear model for fractional data 

may well suffer from the same drawback (of failing to provide plausible predic-

tions) as the linear probability models suffer when fitted to binary data. To further 

                                                 
10 Conditional on not being optimistic in absolute terms, the entrepreneurs responded in an “alarm-

ist” fashion to the relatively low base rate reported to them, which (again) interestingly compares 

to the results reported in Viscusi (1997). In this group it apparently holds that the higher was the 

prior, the bigger was the update downwards. In this sub-sample, the (conditional pair wise) corre-

lation between IFAIL and IFAIL_UD is -0.13 (p-value 0.59) for those with AOPT = 0, whereas it 

is 0.73 (p-value = <0.01) for those with AOPT = 1. 
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study the statistical properties of the learning model, we repeat the estimations of 

Table 5 using the larger sample of 366 firms to the extent it is possible (i.e., col-

umns (1)-(4), and (7)-(8)). These estimations show that we cannot find any evi-

dence that those who did not respond to the base rate question (OTHERSFAIL) 

update their beliefs differently from others. Nor do the statistical results reported 

in Table 5 change when this large sample is used. For example, the models re-

ported in columns (1)-(2) do not pass the RESET tests, while those of column (7)-

(8) do. We can also look for omitted variables by re-estimating the models of Ta-

ble 5 with various combinations of control variables available to us, such as 

demographics (cf. the control variables used in Table 3 and 4). However, we are 

able to detect no statistically significant effects in these experiments.  

Despite being robust to the above checks, the estimated learning models re-

ported in column (7) and (8) suffer from some form of heteroscedasticity. For 

example, White’s (1980) general heteroscedasticity test rejects the null hypothesis 

of homoscedasticity at better than 1% level for the models reported in column (1) 

and (7), but not for the models reported in column (2) and (8). These findings do 

not render the reported standard errors in Table 5 invalid, because they are robust 

to an unspecified form of heteroscedasticity. However, the White test can also 

indicate a specification error. We investigate this potential problem by running the 

classical Park/Harvey/Glejser heteroscedasticity regressions that explore its na-

ture. We do so in a couple of ways using the models reported in column (7) and 

(8): First, the logarithm of the squared residuals from these models is regressed on 

the logarithm of (IFAIL+1). This specification assumes that the heteroscedastic 

variance is proportional to the prior. Second, we do not take logarithms, but con-

sider instead a simpler linear model. For this test, the squared residuals are re-

gressed on IFAIL. Finally, the absolute value of the residuals is regressed on 
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IFAIL. These explorative regressions show that heteroscedasticity (rather than an 

unknown specification error) might indeed be driving the high value of the White 

test, for the error variance is typically increasing in the prior. The coefficient of 

IFAIL (or its transformation) is always positive. Moreover, it is statistically sig-

nificant in each of the six explorative regressions we run for model (7), and in 

four out of the six regressions for model (8). This finding suggests that there is 

more variability in the posterior of those who initially thought that their venture is 

quite likely to fail. How to reconcile this pattern with updating is left for future 

research. 

To sum up, entrepreneurs do not simply stick to their priors when prompted 

to rethink the rate at which their own new firms fails and reminded of the average 

likelihood at which new firms on average fail (i.e., of the base rate). We neverthe-

less reject the formal restrictions of the linear Bayesian model. We do so in part 

because optimists appear to update their beliefs in a way different from their more 

realistic (or pessimistic) counterparts.  

 

5 Conclusions 

In this paper we document and characterize the failure rate expectations of owner-

managers of a sample of four-month-old start-ups. This new field evidence comes 

from a recent Finnish survey (from 2004) and echoes the findings made in the 

previous literature: The founders of new businesses grossly underestimate the rate 

of failure of their own business both in absolute and in relative terms. According 

to the survey results as many as 89% of the respondents think that the likelihood 

of failure of their new venture is below the actual three-year default rate (40%), 

the average estimate being 13%. In contrast, only 76% of the respondents think 

that the likelihood of failure of new ventures run by other entrepreneurs is below 
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40% in three years time. Respondents’ average estimate of the failure likelihood 

of the new ventures run by other entrepreneurs is significantly higher (26%) than 

their estimate of their own venture’s failure likelihood.  

 Our field data allow us to rule out certain obvious but previously overlooked 

explanations for entrepreneurial optimism, such as framing effect, rash and sloppy 

survey responses by busy entrepreneurs, respondents’ risk preferences and their 

(in)ability to understand a simple law of probability. For instance, we can find no 

evidence that absolute or relative optimism is related to the time it took for the 

respondents to come up with their estimate of the failure probability for their own 

venture. We find, however, that high level education reduces optimism and that 

previous work and entrepreneurial experience increases absolute (but not relative) 

optimism.  

 This paper is the first to document that 22% of the new entrepreneurs seem 

to suffer from the “gambler’s fallacy”, i.e., rely on a form of “law of small num-

bers”. This error in inference accounts for 58% percent of the incorrect answers to 

the survey question that measures entrepreneurs’ ability to understand a simple 

law of probability. We are, however, not able to link the gambler’s fallacy to en-

trepreneurial optimism. We moreover find that people are clearly unwilling or 

unable to provide an estimate of the rate of failure for a typical start-up that is in 

the same line of business and founded at the same time as that of the respondent. 

This question draws a large amount of non-response, as only 71% of the com-

pleted interviews included a response to this question. This finding indicates that 

people are not comfortable with presenting or forming estimates of base rates. We 

cannot relate this non-response to optimism, however. 

 We also studied the way entrepreneurs form and update their failure rate 

expectations. Entrepreneurs’ risk beliefs are not rigid or immutable, as entrepre-
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neurs do not simply stick to their priors when prompted to rethink the rate at whi-

ch their new business fail and reminded of the base rate at which new firms in 

general fail. We find that 33% of the entrepreneurs update their risk beliefs, but 

we reject the formal restrictions of a Bayesian learning model. Optimists appear to 

update their beliefs in a way different from their more realistic (or pessimistic) 

counterparts. 
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Table 1. Frequency of optimism 

PANEL A: SUMMARY STATISTICS

Mean Median S.D. Min Max N

IFAIL 13.434 5  16.919 0 80 272
OTHERSFAIL 25.665 20  18.723 0 80 272

PANEL B: FREQUENCY DISTRIBUTIONS

Freq. Percent Cum. Freq. Percent Cum.

0-10 179  65.81 65.81 96  35.29 35.29
11-20 43  15.81 81.62 41  15.07 50.37
21-30 18  6.62 88.24 50  18.38 68.75
31-40 2  0.74 88.97 21  7.72 76.47
41-50 25  9.19 98.16 54  19.85 96.32
51-60 1  0.37 98.53 6  2.21 98.53
61-70 2  0.74 99.26 2  0.74 99.26
71-80 2  0.74 100.00 2  0.74 100.00

Total 272  100.00 272  100.00

OTHERSFAILIFAIL

 

Notes: IFAIL is an entrepreneur’s estimate of the probability that his/her venture fails during the 
next three years. OTHERSFAIL is an entrepreneur’s estimate of the three-year failure probability 
of other entrepreneurs’ ventures that operate in the same line of business and were established at 
the same time as his/hers. 

Table 2. Descriptive statistics for the indicators of absolute and relative optimism 

PANEL A: SUMMARY STATISTICS

Mean Median S.D. Min Max N

AOPT 0.886 1  0.318 0 1 272
ROPT 12.232 10  19.452 -40 60 272

PANEL B: FREQUENCY DISTRIBUTIONS

Freq. Percent Cum.

AOPT = 0 31  11.40 11.40
AOPT = 1 241  88.60 100.00

ROPT < 0 39  14.34 14.34
ROPT = 0 63  23.16 37.50
ROPT > 0 170  62.50 100.00

 

Notes: AOPT = 1 if IFAIL < 40% and zero otherwise. ROPT = OTHERSFAIL – IFAIL. 
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Table 3. Covariates of absolute optimism 

RETIME1 0.020 0.025 
(0.029) (0.033)

LOTTERY 0.004 0.002 
(0.007) (0.007)

RISKLOVE 0.093 0.066 
(0.382) (0.407)

PROB 0.624 0.734 *
(0.384) (0.428)

ACADEMIC -2.457 ** -2.488 ** -2.491 ** -2.691 **
(1.134) (1.130) (1.131) (1.143)

COLLEGE -2.081 ** -2.080 ** -2.092 ** -2.049 *
(1.053) (1.049) (1.052) (1.053)

AGE -0.032 -0.029 -0.030 -0.025 
(0.020) (0.020) (0.020) (0.020)

FEMALE -0.177 -0.126 -0.159 -0.068 
(0.423) (0.430) (0.424) (0.424)

SINGLE 0.668 0.692 0.673 0.870 
(0.614) (0.613) (0.621) (0.627)

NCHILD 0.176 0.158 0.162 0.147 
(0.169) (0.170) (0.169) (0.172)

WORKED 0.464 0.470 0.462 0.425 
(0.450) (0.450) (0.453) (0.457)

EXPERIENCE 0.070 ** 0.070 ** 0.070 ** 0.068 *
(0.035) (0.034) (0.034) (0.035)

CONSTANT 1.740 *** 1.992 *** 2.002 *** 1.721 *** 3.826 *** 4.078 *** 4.129 *** 3.587 ***
(0.473) (0.215) (0.275) (0.263) (1.349) (1.297) (1.284) (1.325)

Observations 272 272 272 272 272 272 272 272 

Wald 0.549 0.359 0.060 2.650 17.209 ** 16.700 * 16.630 * 19.578 **
Pseudo R2 0.003 0.002 0.000 0.014 0.089 0.087 0.086 0.101 

Log likelihood -96.214 -96.309 -96.459 -95.163 -87.884 -88.139 -88.173 -86.700 

(4)

Dependent variable AOPT
Logit estimates

(8)(6) (7)(1) (5)(3)(2)

 

Notes: Standard errors are presented in the parentheses. The superscript asterisks indicate the sta-
tistical significance of coefficients and test statistics: (***) denotes significance at 1 percent level, 
(**) at 5 percent level and (*) at 10 percent level. 
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Table 4. Covariates of relative optimism 

RETIME1 0.011 -0.006 
(0.130) (0.131)

RETIME2 0.053 0.022 
(0.133) (0.136)

LOTTERY 0.032 0.028 
(0.029) (0.033)

RISKLOVE 2.738 3.329 
(2.360) (2.315)

PROB 0.864 1.762 
(2.468) (2.675)

ACADEMIC -8.989 ** -8.910 ** -9.115 ** -9.456 **
(4.472) (4.465) (4.440) (4.522)

COLLEGE -3.206 -3.165 -3.513 -3.176 
(2.994) (3.013) (3.009) (3.023)

AGE 0.173 0.182 0.178 0.184 
(0.174) (0.171) (0.170) (0.171)

FEMALE -2.556 -2.080 -2.697 -2.384 
(2.530) (2.589) (2.501) (2.541)

SINGLE 0.169 -0.003 -0.669 0.573 
(2.925) (2.913) (2.862) (3.035)

NCHILD 0.030 -0.054 -0.112 1.73E-04
(0.973) (0.950) (0.974) (0.975)

WORKED -3.114 -3.199 -3.611 -3.146 
(2.992) (2.989) (2.973) (2.979)

EXPERIENCE 0.064 0.067 0.074 0.056 
(0.190) (0.191) (0.191) (0.189)

CONSTANT 11.081 *** 11.663 *** 10.762 *** 11.723 *** 12.027 * 11.427 * 11.277 * 10.904 *
(3.192) (1.328) (1.710) (2.009) (6.369) (6.224) (6.167) (6.514)

Observations 272 272 272 272 272 272 272 272 

Wald 0.095 1.168 1.346 0.123 0.801 0.946 1.222 0.919 
R2 0.001 0.004 0.005 0.000 0.032 0.036 0.039 0.034 

(4)

Dependent variable ROPT
OLS estimates with robust standard errors

(8)(6) (7)(1) (5)(3)(2)

 

Notes: Robust standard errors are presented in the parentheses. The superscript asterisks indicate 
the statistical significance of coefficients and test statistics: (***) denotes significance at 1 percent 
level, (**) at 5 percent level and (*) at 10 percent level. Wald test is based on heteroskedas-
tic-robust variance matrix. 
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Table 5. Estimates of Bayesian learning model 

"20%" "80%" "20%" "80%" "20%" "80%" "20%" "80%"

IFAIL 0.620 *** 0.791 *** -0.225 1.389 *** 0.596 *** 0.894 *** 1.155 ***
(0.074) (0.087) (0.279) (0.165) (0.089) (0.102) (0.085)

AOPT -0.473 *** 0.310 ** -0.347 *** 0.184 ***
(0.166) (0.132) (0.039) (0.063)

KAOPT 0.989 *** -0.262 0.733 ***
(0.301) (0.188) (0.090)

ZERO 0.009 0.065 * -8.78E-04 0.049 0.069 *
(0.014) (0.037) (0.016) (0.037) (0.037)

DROPT -2.35E-04 0.040 
(0.016) (0.028)

KDROPT 0.155 0.051 
(0.195) (0.149)

CONSTANT 0.029 *** 0.042 *** 0.488 *** -0.311 ** 0.025 * -0.011 0.367 *** -0.189 ***
(0.007) (0.016) (0.166) (0.132) (0.013) (0.022) (0.038) (0.069)

Observations 158 114 158 114 158 114 158 114 

Wald 70.115 *** 82.499 *** 33.655 *** 3431.22 *** 25.653 *** 41.404 *** 64.620 *** 92.159 ***
R2 0.630 0.561 0.677 0.601 0.640 0.580 0.674 0.599 

RESET 6.290 *** 3.570 ** 0.950 0.470 6.230 *** 2.870 ** 0.720 0.470 

(4) (6) (7) (8)(1) (5)(3)(2)

OLS estimates with robust standard errors
Dependent variable IFAIL_UD

Sample base rate

 

Notes: Robust standard errors are presented in the parentheses. The superscript asterisks indicate 
the statistical significance of coefficients and test statistics: (***) denotes significance at 1 percent 
level, (**) at 5 percent level and (*) at 10 percent level. RESET reports Ramsey’s regression speci-
fication error test for omitted variables. Wald test is based on heteroskedastic-robust variance ma-
trix. In column (4), the very large Wald test statistic is a bit spurious, for it reduces to 40.98 if the 
non-robust (conventional) variance matrix is used.  
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