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Abstract
We study the association of spending per employee with startup firm survival. Our theory
model posits that entrepreneur’s knowledge defines the complex decision process of combining
human and non-human inputs to increase firm value. Spending per employee is the outcome
of such complex process. The model prescribes a U-shaped relationship between spending per
employee and firm failure. It also predicts that most firms spend too little per employee and
that education and work experience (proxies for knowledge) lead entrepreneurs to spend closer
to the optimum. These hypotheses are borne out by a seven-year representative panel dataset
of U.S. businesses founded in 2004. Our results suggest that variation in spending per employee
captures important differences in strategic decisions across firms.
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Introduction
A vast literature argues that competitive advantage stems from exceptional combinations of human
and non-human inputs to produce inimitable, non-tradeable strategic assets (Wernerfelt 1984, Barney 1991). This influential view, however, focuses on the relationship between strategic assets once
they exist within the firm, but leaves largely unexplored the process of bringing those assets into the
firm. Entrepreneurs do not acquire strategic assets in the market—that would be a contradiction.
Instead, entrepreneurs engage in the rather mundane but crucial process of selecting employees and
deciding their compensation, as well as choosing how much to spend on non-human inputs (Aldrich
and Auster 1986, Aldrich 2008). All this must be done while keeping expenses under control and
minding the consequences of limited control over employees’ future actions (Amit and Schoemaker
1993, Coff 1997, Campbell et al. 2012). In the software industry, for example, entrepreneurs often
fret about hiring additional employees or acquiring patents (Mann 2004, Graham et al. 2009, Hsu
and Ziedonis 2013). These decisions require entrepreneurs to process vast amounts of information,
in a world where knowledge about the right combination of people and physical inputs is limited
(Prescott and Visscher 1980). Despite that most, if not all, entrepreneurs face these challenges,
we know little as to whether there is a systematic relationship between entrepreneurs’ knowledge,
allocation of spending and new firm survival. This paper studies this relationship both theoretically
and empirically.
The paper focuses on the strategic, rather than financial, role of spending. The observable
spending of companies, which is easy to measure and compare across firms, can provide evidence
about the firm’s trajectory in constructing strategic assets, which are harder to measure. We
measure allocation of spending using the firm’s spending per employee in a given period and study
whether spending per employee predicts failure. Both total spending and number of employees
are metrics readily available to professional investors (such as angel investors and venture capital
firms) to identify firms in distress or outliers across portfolios of firms. Total spending, the so-called
burn-rate, commonly includes investments to enhance the firm’s human capital, increase marketing
and sales effort, or acquire new equipment and capabilities. Total spending per employee, which
we call the normalized burn rate (NBR) indicates whether the firm prioritizes spending on human
inputs (wages) as opposed to non-human inputs (capital overheads per-employee). Firms’ priorities
differ across a number of variables including location, age, industry, and importantly across their
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entrepreneurs’ beliefs about the combination of resource inflows that maximize the value of the
firm’s strategic assets or, equivalently in our context, minimize the chances of failure (Dierickx
and Cool 1989). Entrepreneurs’ beliefs stem from imprecise knowledge about the complex role
played by each type of resource. Such imprecision exacerbates the detrimental effects of vague
benchmarks and decision-making guidelines that new firms often face. It is unclear, for example,
whether entrepreneurs should drastically increase the NBR of their firms in order to survive even
when firms already enjoy a valuable asset base and talent, or are located in places that offer the
advantages of agglomeration of economic activity.
Given the complexity of the resource allocation process, we first propose a stylized theoretical
model to tease out how entrepreneurs’ beliefs determine resource allocation. Entrepreneurs seek to
maximize their firms’ expected value of strategic assets (or simply “value” hereafter) by allocating
a limited budget between employees and other inputs. In any period, the entrepreneur has imperfect knowledge about the contribution of employees (relative to other inputs) to the firm’s value.
Imperfect knowledge represents the usual managerial difficulties entrepreneurs face (Coff 1997). A
higher value of a firm’s strategic assets is more likely to offset the entrepreneur’s opportunity cost,
hence making the entrepreneur less likely to fail (i.e., close the business). Our analytical results
predict a U-shaped relationship between the NBR and the likelihood of failure, implying that there
is an optimal NBR that minimizes firm failure.
The notion of an optimal NBR leads to our second research question: do we expect systematic
deviations from the optimal NBR to occur, and if so, what might be the reasons underlying these
deviations? Our model posits that imperfect knowledge about the resource allocation that maximizes firms’ value causes entrepreneurs to misallocate resources, even when they have unbiased
information about the true contribution of workers to value. This result is interesting because it
provides us with another general prescription about the behavior of startup firms, which we can test
in the data. Under the assumption that the true, yet unknown, contribution of workers is higher
than the contribution of other inputs (as it seems to be the case e.g., Gollin 2002), the majority
of entrepreneurs hire more employees than optimal, but spend too little per employee (NBR below
optimal), increasing the chances of firm failure.
The third question is whether some characteristics of entrepreneurs are associated with deviations from optimal NBRs. Following the tradition of Knight (1921) and Kirzner (1973), we
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expect that skilled entrepreneurs are better at perceiving the true value of the opportunity than
less skilled ones, otherwise any entrepreneur could earn rents simply for bearing objective risk (see,
e.g., Åstebro et al. 2014). In our context, this means that whether a firm’s NBR is close to the
optimal level that maximizes value (or equivalently, minimizes the chance of failure) depends on
the ability of the entrepreneur to identify such a level. We assume that an entrepreneur’s knowledge about workers’ relative contribution to the firm’s value is associated with skills and abilities
acquired through education and work experience. The results of our theoretical model imply that
variation in entrepreneurs’ characteristics explains variation in the distance between their firms’
NBR and the optimal level.
We test whether the predictions of the model hold empirically using the Kauffman Firm Survey (KFS) which collected firm-level information from a representative sample of firms founded in
2004 and followed up to 2011. We augment this dataset with information from the U.S. Census
County Business Patterns (CBP) and the U.S. Bureau of Labor Statistics Occupational Employment Statistics (OES). The prescriptions of our model are borne out by the data in general. We
find that the NBR indeed exhibits a U-shaped relationship with firm failure, and that a large majority of entrepreneurs spend less per employee than the amount that minimizes the likelihood of
their firm’s failure. That is, too many firms hiring too much and spending too little per employee.
Moreover, the NBR can be used to predict (out of sample) firm failure longitudinally. We also find
that high levels of education or work experience are associated with lower incidence of firm failure.
When looking at deviations from the optimal NBR, we find that high education is associated with
NBRs closer to the optimum than low levels of education. Work experience is also associated with
near-optimal NBRs, but the relationship is weak.
Our paper contributes to the literature on entrepreneurs’ strategic decisions and firm survival.
From a micro (firm behavior) perspective our paper provides macro (entrepreneurial environment)
results. Our approach connects financial spending with entrepreneurs’ strategic behavior by linking
spending decisions with the complex process of accumulating strategic assets. We provide a stylized
theoretical model to study this complexity. Our theoretical framework yields testable predictions
about the link between entrepreneurs’ characteristics and their spending decisions, and between
spending decisions and firm failure. Our paper also has practical implications. The NBR is identified as a relevant metric that can be used to both compare across firms and draw conclusions about
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managerial actions within the firm. Unlike many other factors that impact firm survival, the NBR
is under the managers’ discretion, hence it has the potential to provide a meaningful benchmark for
both investors and entrepreneurs. In addition, we present evidence that entrepreneurs’ characteristics such as education and, to a less extent, work experience are associated with sound spending
decisions. This too is a novel result that could be useful to inform decisions by entrepreneurs,
venture capitalists and other early-stage investors.

Literature
This paper draws from three streams of literature. The first stream studies the sources of competitive advantage through the resource-based view of the firm. This large literature views the firm
as a bundle of resources that, if combined properly, lead to a competitive advantage (Barney 1991,
Peteraf 1993, Wernerfelt 1984). The key idea is that a competitive advantage stems from strategic
assets that cannot be acquired through input factor markets. Instead, these assets are accumulated
within the firm. The time paths of resource flows by which these strategic assets are accumulated
is crucial to sustain a competitive advantage (Dierickx and Cool 1989). Most of the literature has
focused on the nature of stocks of strategic assets. Our paper focuses on flows, as new firms often
lack a strong strategic asset base. The flow of input factors into the firm can be measured directly
using spending and number of employees, but it is up to the entrepreneurs to combine them in a
way that increases the strategic asset base. Combining resources into strategic assets is difficult due
to limited information processing capabilities of entrepreneurs and problems stemming from moral
hazard, adverse selection and causal uncertainty about which input factors contribute to sustaining
a competitive advantage (Lippman and Rumelt 1982, Coff 1997). Our approach considers such uncertainty directly using a random-walk model of firm survival (Levinthal 1991), while endogenizing
the ability of entrepreneurs to partially influence the non-random flow of the process.
The second stream of literature explores the challenges new firms face. Low stocks of strategic
assets manifest themselves in many ways. For example, new firms often lack established benchmarks
and guidelines that facilitate decision-making regarding resource allocation (Shane 2000, Aldrich
and Auster 1986, March 1981), yet entrepreneurs often face pressure to scale up quickly. Scaling
up and overcoming the typical difficulties new firms face in recruiting the right people (Groysberg
et al. 2008, Agarwal et al. 2009), building complementary assets and capabilities (Lee et al. 2001),
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and fostering firm-specific knowledge (Alvarez and Busenitz 2001) are daunting challenges for entrepreneurs. At the heart of these challenges is how to allocate spending. To our knowledge there
is one paper, Arora and Nandkumar (2011), which studies total spending and firm survival. Arora
and Nandkumar (2011) conclude that entrepreneurs are likely to spend aggressively at the risk of
quick failure in order to hasten lucrative cash-outs. We contribute to this literature by directly
studying how the internal allocation of firm spending relates to firm survival.
The third stream examines entrepreneurs’ human capital. Whether entrepreneurs are able to
optimally combine and organize inputs depends on their managerial skills (Prescott and Visscher
1980, Alvarez and Busenitz 2001). Although those skills are difficult to measure, a large literature
posits that heterogeneity in skills can be captured by levels of education or work experience (Bates
1990, Cooper et al. 1994, Teece et al. 1997, Gimeno et al. 1997, Pennings et al. 1998, Bosma
et al. 2004, Cassar 2006, Unger et al. 2011, Gambardella and Giarratana 2010, Martin et al. 2013,
Anderson et al. 2016). Education is associated with high general and specific skills, non-cognitive
abilities such as discipline and motivation, and a network of individuals who can facilitate firms’
access to resources (e.g., Bates 1990, Smith et al. 2019). Experience in the actual running of
businesses allows entrepreneurs to make less erratic decisions which, among other things, facilitates
the creation of guidelines and routines (Jovanovic 1982, Mitchell et al. 2011, Rider et al. 2016).
Our contribution to the literature is to link proxies for entrepreneur skill not only to broad-based
outcomes such as survival, but also to spending decisions. Our analytical model predicts that more
precise information about the actual contribution of inputs to value translates into better decisions,
which imply faster accumulation of strategic assets and higher chances of survival.

Theory and Hypotheses
Consider a firm that has an evolving state denoted Vt that changes every year indexed by t. The
state of the firm reflects the value of the firm’s strategic assets and is inversely related to the firm’s
likelihood of failure. The higher the stock of strategic assets a firm has, the lower the probability
of failure is.
The firm’s state evolves depending on the action of the entrepreneur and random shocks which
are outside the control of the entrepreneur. Random shocks to the firm’s value can include, e.g.,
unforeseen changes in product or financial market conditions, as well as organizational shocks such
6

as unexpected layoffs or litigation with third parties.
We assume the entrepreneur allocates a given budget B between spending on employee salaries
and non-human inputs. Human and non-human inputs interact to change the value of the firm’s
strategic assets.
We let 0 ≤ α ≤ 1 denote the share of budget allocated to employee salaries. The annual random
shock is εt and the strategic assets’ “combination function” is f (B, α). The state of the firm in
period t + 1 is:
Vt+1 = Vt − B + f (B, α) + εt

(1)

As in Gimeno et al. (1997), we assume that the firm fails when the value of its strategic assets
falls below a given threshold—which we normalize to zero. The assumption of a minimal threshold
is consistent with the findings in Shane and Venkataraman (2000) and Fairlie and Chatterji (2013).
If εt are i.i.d. with CDF H(·), then the probability of failure at the beginning of period t + 1 is
P r(f ailt+1 ) = H(B − Vt − f (B, α)). Since H(x) is increasing in x, minimizing the probability of
firm failure amounts to minimizing B − Vt − f (B, α). This is equivalent to maximizing the expected
value in t + 1 conditional on the value in t as the entrepreneur cannot influence the random shocks
through α. Note that α does not depend on time. This assumption is for tractability and allows
us to focus on within period combinations of inputs rather than between period combinations. In
the Appendix, however, we show that the main results in this paper hold when we remove this
assumption.

Entrepreneur’s actions
The entrepreneur maximizes the expected value of Vt+1 conditional on Vt , E[Vt+1 |Vt ], which given
a budget B, reduces to allocating the budget between total payroll and other spending. To identify the optimal allocation, the entrepreneur needs to know how human and non-human inputs
interact through f . For tractability, we assume the combination function f takes a Cobb-Douglas
specification:
f (B, α) = r(Bα)β (B(1 − α))1−β
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(2)

where r is an entrepreneur-specific productivity factor and 0 < β < 1 measures the contribution of
human inputs to value. We assume the contribution of non-human inputs to be 1−β for parsimony,
but our results hold for a general 0 < γ < 1 which can replace the 1 − β expression. Restricting
β to be between zero and one implies that investing in either human and non-human inputs have
decreasing returns. It also implies that there is an optimal allocation that does not assign all
spending to either human or non-human inputs. Note that the arguments of the combination
function f are cash: payroll spending and market value of non-human inputs.
The model so far does not embed the inherent difficulty entrepreneurs face when combining
inputs. In order to capture this difficulty, we introduce uncertainty as to how human and nonhuman inputs interplay in f . If the entrepreneur knows exactly the true value of β which we
denote βT , then the optimal allocation set by the entrepreneur α∗ , equals βT , which minimizes the
probability of failure of the firm. Because it is difficult for the entrepreneur to assess the actual
value of β, we assume that she receives a signal βs about the true value βT . Using this information,
the entrepreneur sets an allocation αs which depends on that signal. We abstract away from the
process that generates these signals and only assume that they are unbiased (when drawn across
different entrepreneurs) and symmetric around βT .1 That is E[βs ] = βT .
Given their idiosyncratic signal, each entrepreneur believes that the true value of βT is generated
from a distribution over [β, β] with mean βs which is symmetric around the mean and has a PDF
g(). For simplicity of exposition we assume that, conditional on the signal βs , the updated beliefs
about the true value βT are distributed uniformly in [βs − η, βs + η] for some positive η. Using
these assumptions and definitions, we prove (see the Appendix) the following result which we later
use to derive our hypotheses:
Proposition 1. Let βT be the true contribution of human inputs to value (i.e., β = βT ):
• The probability of failure is U-shaped with respect to spending in human inputs (payroll) αs ,
set by the entrepreneur.
• The majority of entrepreneurs set a total payroll αs > α∗ if βT > 1/2 and αs < α∗ if βT < 1/2.
The first item in Proposition 1 follows from the assumed concavity of f (B, α) with respect to α.
The intuition for the second item is that uncertainty leads entrepreneurs to over-invest in employees
1

One may easily extend this model to βT that vary across industries, locations, etc. We do control, however, for
these and other sources of heterogeneity used in the literature in our empirical estimation.
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(vs. the optimum) when they believe the productivity of employees is high (higher than 1/2) and
under-invest when it is low. The result follows from the complementary nature of both inputs and
uncertainty about their contribution to value. If the entrepreneur believes that humans are the
most important input, it implies that even if she is wrong about her assessment, productivity of
non-human inputs is unlikely to be higher than productivity of human inputs. The true value could
be lower than her signal, but it is still likely to be higher than 1/2 in that case. Such optimism leads
her to over-spend on total payroll, which may not translate to higher salaries, but instead to hiring
more workers than needed. The analogous logic applies for non-human inputs when βs < 1/2.
In practice, empirical estimates assign a higher contribution to human than non-human inputs.
In our context, this can be interpreted as βT being higher than 1/2 (see, e.g., Gollin (2002)).
Therefore we would expect that most entrepreneurial firms hire more employees than optimal.
Over-hiring translates into lower firm value and higher likelihood of failure.

Normalized Burn Rate
We now connect α to the normalized burn rate. We define the NBR of a firm as the firm’s total
spending (which in our model coincides with the budget) divided by its number of employees. Let
pe be the average annual salary of an employee and ne the number of employees a firm has. The
NBR is given by:
N BR =

B
pe
B
= Bα = .
ne
α
p

(3)

e

The NBR is independent of the firm’s budget. Moreover, for a given pe , a higher NBR is associated
with lower α, and vice versa. Given average wages, a higher NBR means a shift towards spending
a larger portion of the budget on non-human inputs. Hiring more people (with the same budget)
lowers the NBR. The NBR is a monotonic (in particular, strictly decreasing) function of α, therefore
the first item in Proposition 1 is equivalent to a U-shaped relationship between failure and the NBR,
after a change of variables. In other words, a low NBR is related to a high share of the budget going
to payroll, which by item one in Proposition 1 is, in turn, associated with a high likelihood of failure.
Likewise, when the NBR is high, the share α is low, which is also associated with a relatively high
chance of failure. An intermediate NBR maps to an intermediate α, which translates into lower
chances of failure. This leads to our first hypothesis:
Hypothesis 1. The firm’s NBR has a U-shaped association with the firm’s likelihood of failure.
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The NBR decreases with the number of employees, hence with α, at a decreasing rate. This
implies that the NBR does not change too much when the firm further increases its expenditures
on personnel from an already high level. We also know from the second item in Proposition 1 that
most firms spend too much on employees as their relative productivity is perceived to be higher
than the productivity of capital. This together with the first item in Proposition 1 imply that the
NBRs of most firms will lie below the optimal level (since they choose a large α) and that NBRs
should be similar across those firms (since changes in α translate into small changes in the NBR
when α is large, given that the NBR is the multiplicative inverse of α). These conclusions lead to
our second hypothesis:
Hypothesis 2. The majority of firms set a NBR below the estimated optimal NBR. For these
firms, NBRs are similar.

Entrepreneur characteristics and firm failure
The entrepreneur affects the firm’s chances of failure by deciding how much to spend on payroll
relative to other inputs. Such a decision, however, is unlikely to be optimal due to uncertainty
about the actual contribution of human inputs to value in the model. We follow the traditional
notion that there must be variation in entrepreneurs’ skills to identify and exploit an opportunity
in order to justify extremely high upside risk (Knight 1921, Åstebro et al. 2014). In our model,
skill allows the entrepreneur to hold more precise information (or better knowledge) about the
productivity of each input compared to less skilled entrepreneurs. By “more precise” we mean that
a skilled entrepreneur’s information set features a higher probability that the signal βs is closer to
the true value βT and that the signal has a lower variance. If that is the case, entrepreneurs set
αs closer to βT , which entails NBRs that are closer to the optimum. We use the level of education
and work experience as proxies for the entrepreneur’s skill to derive our third hypothesis:
Hypothesis 3. High levels of education and work experience are associated with smaller deviations
from the optimal estimated NBR.
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Data and Estimation
The unit of observation in our study is a new firm founded in 2004 in the United States. We use data
from the confidential dataset collected by the Kauffman Firm Survey (KFS) (Robb et al. 2009).
The KFS collected longitudinal information from 4,928 new firms. The firms constitute a random
sample from approximately 250,000 businesses started in the United States during 2004 as listed
in Dun and Bradstreet’s (D&B) business database. The firms answered questions in annual followups up to and including 2011. The questions touched on firm characteristics, owner characteristics,
financial status of the firm, operational details as well as location and environment characteristics
experienced by the firm. The KFS used stratified sampling with different sampling probabilities for
high-tech and women-owned businesses. Our estimation procedures use the weights provided by
the KFS to provide unbiased estimates of the results and to avoid the issues created by non-uniform
sampling.2
We augmented the KFS with the U.S. Census’ County Business Patterns (CBP) data on number
of firms, employment and payroll distribution for U.S. states and with the U.S. BLS Occupational
Employment Statistics (OES) data for statistics about specific occupations in different industries.
The information on this augmented dataset allows us to control for the role played by different
environments on firm survival. Specifically, we use the CBP data to calculate competition, concentration, average payroll and average employment metrics, and the OES data to construct an index
that measures the fit between the new firm’s demand for specific employees and the availability of
matching talent in its geographical location.
We exclude outliers that had a normalized burn rate in the top 1 percent from our analysis.
This removed 91 firms that spent over USD 500, 000 per employee in any given year. Using other
cutoffs does not change the results. After the cleaning and normalization procedures our data set
contains 3, 551 firms and a total of 13, 214 observations in 7 years.

Dependent variable - Firm Failure
The variable is a longitudinal measure of firm failure, coded with one on the year a firm had failed
and zero otherwise. Our data contains approximately 200 mergers and acquisition (M&A) events,
and we cannot tell whether these are a result of successful firm exit from the market, or a sale
2

Performing the analysis without weighting gives similar results.
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of assets just prior to bankruptcy. Consequentially, we categorized M&A’s as non-failures with a
value of 0. The results are robust to removing those firms from the data or to re-categorizing the
M&A’s as failures.

Main explanatory variable - Normalized Burn Rate
The variable is calculated using the firm’s total annual expenditure for the year that ended prior to
the time of the survey divided by its total number of employees at the time of the survey, using the
following survey definition: “Expenses are the costs paid for the operation of the business, including
wages, salaries, interest on loans, capital leases, materials, etc.”. The value is standardized.

Controls
We categorize the controls we use in our analysis into four categories: (i) entrepreneur characteristics, (ii) idiosyncratic firm characteristics, (iii) relative firm positioning in its local market, and
(iv) environment-level properties which are the same for all firms in the same industry, location or
both.
Entrepreneur characteristics
1. Entrepreneur’s proxies for knowledge
The literature has documented a relationship between measures of human capital and firm survival. We control for the education and work experience of the entrepreneurs as proxies for their
human capital. Education is coded as a variable taking values from 1 to 10. The coding is detailed
in the Appendix.

2. Beliefs about Competitive Advantage
Another factor that influences a manager’s decision on spending is their beliefs about the future
prospects of the company as well as their tacit knowledge unobservable by the researcher. Firms
with a competitive advantage should be able to make better use of their specific assets (Peteraf 1993,
Amit and Schoemaker 1993), and managers who are more optimistic regarding their firm’s position
in the market may take bigger risks by spending or growing more aggressively. When it comes
to the relationship between positive beliefs (such as the entrepreneur’s confidence, optimism or
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self-efficacy) and firm performance, the literature is split on the direction of the effect (Abdelsamad
and Kindling 1978, Dosi and Lovallo 1997, Bernardo and Welch 2001, Fraser and Greene 2006,
Lowe and Ziedonis 2006, Åstebro et al. 2007, Hmieleski and Baron 2008, Baron 2007, Wright and
Staw 1999, Baum and Locke 2004). Although our data do not allow us to have a measure of
(over)confidence, optimism, or self-efficacy similar to the ones previously used, we use the answer
to the survey question “A competitive advantage is something unique or distinctive a business
provides that gives it an advantage compared to competitors. In calendar year YYYY, did [NAME
BUSINESS] have a competitive advantage over its competitors?” as a proxy for an entrepreneur’s
beliefs. Over 50 percent of the firms in our dataset reported having a competitive advantage over
its competitors in the majority of the survey years. We are unable to tell whether this belief is
justified or not.
Firm characteristics
1. Growth
We use a standardized measure of the firm’s annual employment growth to control for the potential relation between the firm’s growth rate and its success (Pe’er et al. 2016). This control variable
accounts for the strategic choice an entrepreneur makes with regard to the number of employees.
The value is the difference between the firm’s number of employees in the current year and the past
year, divided by the firm’s number of employees in the past year. We count firms that reported
having zero employees as having one employee (typically the owner). The firm’s employee growth
and normalized burn rate have a slight negative correlation in our data of −0.018. This suggests
that these measures represent different facets of the firm’s strategy.

2. Assets
The stock of physical assets, as opposed to strategic assets, is a readily available measure of
firm size in our sample—and we use it as a control. Early work on established firms suggests that
the size of the asset base is related to firm failure (Altman 1968). The size of the asset base in
de novo firms is related to both its capital structure and its ability to raise funding (Cassar 2004),
which in turn signal investors’ perception about the firm’s chances of success.
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Relative firm positioning
1. Relative assets
The relative assets variable measures the firm’s relative endowment position using the ratio
between the firm’s total assets to the average assets of firms in the same location and industry.
Controlling for relative assets helps to account for firms’ need to increase spending. Firms with
higher levels of relative assets, for example, may be perceived as more consolidated and therefore
less in need of aggressive spending (Alcácer and Chung 2007, Pe’er et al. 2016). It is worth noting
that this variable only has a 0.14 correlation with the measure of absolute assets.

2. Relative employment
Following previous literature (Wiklund and Shepherd 2003), we use the ratio of the firm’s
number of employees to the average employment of firms in the same location and 4-digit NAICS
sector to account for the effect of environment reference points of firm sizes.
Characteristics of the environment
1. Agglomeration
We use the standard measure from urban economics (Ellison and Glaeser 1997, Ellison et al.
2010) to account for the effects of labor market spillovers and other advantages stemming from
concentration of industries in a specific geographic location. The measure is calculated as:
Ant

P
T − (1 − s x2s )Hn
P
=
T − (1 − s x2s )(1 − Hn )

with Hn being the Herfindhal Index of the employment concentration in sector n, T =

(4)
P

s (xs

− ns )

and xs is the share of state s in employment in all sectors, while ns is that share for the specific
4-digit NAICS.

2. Concentration of local market competition
We expect stronger competition in the local market to reduce the firm’s survival rate. We make
use of the Herfindahl–Hirschman Index calculated using the CBP employment data for the firm’s
4-digit NAICS, State and year.
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3. Labor fit
The firm’s environment is determined by the entrepreneur’s location decision. The decision is
often based on the availability of resources, such as the potential for recruiting the right employees
(Alcácer and Chung 2014). We use the measure developed in Alcácer and Chung (2014) in order
to account for the impact of employee fit on firm failure, and also to mitigate potential omitted
variables bias due to a link between location decisions and spending decisions that are not accounted
for by using entrepreneur characteristics as controls. The measure aims to capture the fit between
the firm’s industry, its location choice and availability of employees in the occupations used by
firms in the industry. The Labor Fit variable is calculated as follows:
"
LaborF itnst =

X

Lno −

o

X Ekst
Lko
Est

#
,

(5)

k=1...N

where o indexes the different occupations, n is the 4-digit NAICS code, N is the number of 4-digit
NAICS codes available, s is the state of the firm, Lko is the percentage of industry k’s employment
in occupation o, Ekst is the employment of industry k in location s at time t, and Est is the total
employment (across industries) for location l at time t.

4. Average wage
We control for the average wage in the firm’s location and 4-digit NAICS industry in every
year, to account for the different market wages firms need to pay to their employees. This control
eliminates the alternative explanation of increased normalized burn rates due to macro-economic
factors out of the control of the firm.

5. Fixed effects
We control for the U.S. state in which the firm operates and the 2-digit NAICS industry code.
These controls allow us to account for specific industry or local events that may have impacted
survival.3 In addition, we include year fixed effects which capture the effect of temporal events
(such as the 2008 financial crisis) as well as the age of the firm.
3

We use a 2-digit NAICS classification because of data limitations. Using 4-digit NAICS fixed effects will make
our estimation infeasible.
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Estimation
To test the association of the NBR with firm failure, we estimate a discrete hazard model with the
following specification:


2
~ + dn + ds + dt
P r(f ailEventinst = 1) = H β1 N BRinst + β2 N BRinst
+ ~γ · C

(6)

where f ailEventinst equals 0 if firm i, at location s, with 2-digit NAICS n, did not fail during year
~ is a vector of controls described above, and dn , ds , dt are NAICS, state and
t, and 1 otherwise. C
year dummies, respectively. We performed the analysis using a logit, a complementary log-log4 and
a linear probability specification for H(·). We present results for the logit model, since the results
are qualitatively and quantitatively similar for all specifications.5

Results
Regression free analysis
Firms have an estimated average annual failure rate of 5.6percent. Figure 1 shows the mean annual
failure rates. They start slightly above 6 percent an decline to 4 percent despite that the base over
which the percent is calculated decreases as well. This is consistent with surviving firms having
higher value of strategic assets than those that failed, hence lower future likelihood of failure.
[Insert Figure 1 here]
Table 1 presents summary statistics. A large portion of the entrepreneurs in our dataset have a
bachelor’s degree, with an average entrepreneur having approximately 13 years of work experience
when founding a company. In 62 percent of the observations, entrepreneurs believed they had a
competitive advantage. The agglomeration and labor fit variables have similar ranges and orders of
magnitude as in Alcácer and Chung (2014) and Ellison and Glaeser (1997). The table in Appendix
D displays the correlation matrix for the main explanatory variable and controls. We do not
find substantial correlation between the explanatory and control variables reducing the worry for
collinearity of our data. For example, the NBR and growth measures have little correlation among
4
5

The Cox proportional hazard model reduces to the complementary log-log for discrete time hazards.
A robustness check using a competing risks model similar to Arora and Nandkumar (2011) yielded similar results.
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them. Although employee growth may increase spending of the firm, the lack of strong correlation
shows that owners have many avenues to spend funds on firm growth and employee growth does
not necessarily capture all the impact such spending may have.
[Insert Table 1 here]
Figure 2 shows a non-parametric analysis of the failure rate of firms as a function of their
normalized burn rates. We categorize firms into 20 quantiles of the normalized burn rate and
calculate the failure rate within each quantile. This preliminary analysis does not include controls
and does not account for industry, location and year fixed effects, yet we see evidence of a U-shape.
The majority of firms seem to underspend, which suggest that they devote an excessive portion of
the budget to payroll—if one is willing to take our theoretical model at face value.
[Insert Figure 2 here]
The skewness estimate of the NBR is 3.37, implying that the distribution is densely populated
at low values, as Hypothesis 2 postulates. To properly test the hypothesis, however, we need to
estimate the “optimal” point of the NBR, which we now turn to do.

Normalized Burn Rate and failure
Table 2 presents the estimation results when the controls are added sequentially. A likelihood ratio
test shows a statistically significant increase in goodness-of-fit from a model with full set of controls
to a model with full set of controls and the NBR variables (χ2 (2) = 213.466, p < 0.001). The results
show that higher normalized burn rates are associated with lower failure rates of firms (negative
linear coefficient), yet after a large enough NBR the relationship reverses and increased normalized
burn rates are associated with higher chances of failure (positive quadratic effect), which supports
hypothesis 1. Consistent with previous research (e.g., Bates 1990), there are also noticeable direct
relationships between failure, education and work experience.
[Insert Table 2 here]
The correlation results in Table 2 shed light on the magnitude of the relationship between NBR
and failure. A marginal change of the NBR at the means of other variables entails a chance of
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failure lower by 1.3 percent, while a marginal change averaged across all observations is associated
with a reduction of 1.7 percent in the likelihood of failure. These magnitudes are substantial, given
the annual average failure rate of 5.6 percent. Our data support the interpretation that the average
decrease in the likelihood of failure when the NBR increases is due to most firms underspending
per employee compared to the optimum. Using the coefficient estimates for N BR and N BR2
from Table 2, a simple calculation yields an optimal normalized burn rate of approximately 2.845
standard deviations from the mean (which is zero, as the variable is standardized), while the median
(standardized) NBR is −0.367.
Figure 3a shows the non-linear relationship as predicted by the model using a quadratic fit.
The predicted failure rate increases substantially when normalized firm spending is far from the
optimal point. The figure makes apparent that the majority of firms underspend compared to the
optimal value.
[Insert Figure 3a and 3b here]
Using a quadratic fit may be misleading in some cases due to parametric restrictions. As
described in Nelson and Simonsohn (2014), fitting two-linear models provides a better visual test
for a non-linear relationship. Figure 3b shows that the non-linear relationship between the NBR
and failure remains. Taking Figures 3a and 3b together, the number of firms spending less than
the estimated optimum ranges from 95 percent to 98 percent in the different years. A test of
equality between the proportions of firms below and above the estimated optimum is rejected at
high confidence, which supports hypothesis 2.
We further test the importance of NBR on survival by estimating our model for the data up to
the year 2008 including all controls as a training model and then predicting failure out of sample
for firms in the years 2009 and 2010. Although this procedure is more stringent in terms of power
(i.e., it uses only 5 years instead of 7 to estimate the model), it is appealing in our context because
we can test whether past data about firms that had already failed can be used to predict the failure
of firms in the future. If that is the case, we argue that variables omitted from the model will
probably not overturn the relationship between NBR and failure.
The metric we use for out of sample fit is the area under the receiver operating characteristic
curve (Area Under the Curve, AUC), which has desirable properties on binary prediction tasks
(Bradley 1997). If the NBR does not predict firm failure, we should not see a statistically significant
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increase in AUC when adding the NBR covariates. We use specification 4 from Table 2 to estimate
coefficients over the training sample. We use the firm’s age in years and the age squared as covariates
to better approximate the effect of duration dependence.
The AUC value for the model without the NBR variables is 0.6438. (An AUC of 0.5 implies the
model has no predictive power beyond chance.) Adding the NBR variables to the out of sample
prediction increases the AUC to 0.6586. The increase is statistically significant at the 0.05 level.

Firm heterogeneity in terms of NBR
As mentioned above, the coefficient estimates β̂1 and β̂2 in specification (4) of Table 2 translate into
an estimated (standardized) optimal NBR of approximately 2.845. Using the summary statistics
from Table 1, back-of-the-envelope calculations yield an average optimal NBR of approximately
USD 199, 823 per employee annually. This arguably high value is explained by the fact that firms
that spend above the optimum often do so by a wide margin. This may raise the concern that firms
on different sides of the optimum are fundamentally different in terms of how their technology
combines resources. For example, employee salaries plus other expenses per employee may well
reach above USD 200, 000 in industries with high salaries (such as high-tech) or in industries that
require large inventories (such as retail), whereas optimal salaries and per-employee overheads may
be smaller in other industries (such as food services). If this is the case, the optimal NBR estimated
using all the firms in our data would hide this difference, and would wrongly suggest that firms
with fundamentally different technologies are spending non-optimally. Moreover, the U-shape in
this case could be capturing differences in technologies, and not suboptimal decisions.
An ideal procedure to check the validity of this concern is to estimate a separate value of
the parameters β1 and β2 in Equation 6 for each firm or at least for each sector. Although our
data do not contain enough information to conduct such an exercise, we can estimate different
coefficients for three segments of firms: (i) non-tech, (ii) medium-tech, and (iii) high-tech. These
segments comprise the sampling strata that the KFS used. To perform this analysis we include an
interaction term between the segment of the firm and the N BR and N BR2 variables in Equation
6. We then re-test hypotheses 1 and 2 using the newly estimated coefficients while taking the
interaction terms into account.
We find that the optimal NBR values are 3.073, 2.66 and 2.93 in each segment, respectively.
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All three segments display a U-shape with respect to the NBR variables, and in each segment
the majority of firms spend below the optimal estimated NBR. The optimal NBR varies between
USD 189, 300 (segment (ii)) and USD 212, 880 (segment (i)), which is not a very wide range, thus
lessening the worry about incorrect conclusions from the previous analysis.
One issue to note is that the highest estimated NBR is for the non-tech segment, which may be
surprising. This segment is the largest in our dataset and contains industries such as construction
and retail. These estimates may reflect the high fixed costs associated with these industries, which
are mostly spent in the early years of the firms.

Deviations from Optimal Normalized Burn Rate
Our analytical model prescribes that most startup owners over-invest in employees, resulting in
normalized burn rates lying below the optimum. We hypothesize that owners with higher human
capital may be better at estimating their workers’ productivity. As such, the NBR of their firms
should be closer to the estimated optimum.
To test hypothesis 3, the dependent variable is calculated as N BRDev = |N BR − OptN BR|,
where OptN BR is the point of the parabola that generates the lowest failure rate, as estimated in
the previous section. Specifically, we estimate the following OLS model:
~ ·C
~ + dn + ds + dt + ηinst (7)
N BRDevinst = α0 + α1 Educationinst + α2 W orkExperienceinst + Θ
~ and the NAICS, state
where α1 and α2 are the coefficients of interest. The vector of controls C
and year fixed effects dn , ds , dt respectively, are defined as before; ηinst is the error term.
Table 3 presents the results. The two proxies for human capital, education and work experience,
have a significant negative association with the distance from the estimated optimal NBR. In other
words, the higher the human capital of the entrepreneur, the closer her NBR is to the NBR that
is estimated to minimize the likelihood of failure in our sample. These results lend support to
Hypothesis 3.
[Insert Table 3 here]
It is worth noting that the education coefficient is approximately three to four times higher than

20

the work experience coefficient, implying that a unit increase in education is associated with an
approximately 3-fold to 4-fold change in NBR closer to the the optimum compared to one additional
year of work experience. In our coding scheme, one unit increase in education is approximately two
additional years above elementary school. Thus, a year of education is associated with an almost
2-fold change on aligning the owner’s NBR with the estimated optimum, compared to an additional
year of experience.
To illustrate the total change on failure rates of an additional unit of education or work experience, we compute the total derivative of each variable with respect to the failure rate (subscripts
were dropped for simplicity):
dP r(f ailEvent = 1)
∂P r(f ailEvent = 1) ∂P r(f ailEvent = 1) dN BR
=
+
·
dx
∂x
∂N BR
dx

(8)

where x is either the education or the work experience variables. The values for the partial derivatives are the marginal effects from the estimation of specification (4) in Table 2, while

dN BR
dx

was

estimated using OLS regression of NBR on x.6
According to these calculations, one additional education level is associated with a lower likelihood of failure of approximately 0.272 percent. One year of work experience is associated with
a much smaller change of 0.091 percent in the likelihood of failure. Although these numbers may
seem small, we emphasize these are absolute and not relative measures. The failure rate of firms
in our data is approximately 5.6 percent annually. A total decrease of 0.272 percent for additional
education, for example, will mean a total relative decrease of 4.85 percent in failure rates.
The different roles that level of education and experience seem to play on failure rates and on
deviations from estimated optimal spending suggests a potential mechanism through which human
capital can affect the likelihood of failure. Our theory postulates that human capital entails better
prediction ability of the entrepreneur about the market and firm conditions, resulting in better
normalized burn rates. It does not, however, separate between education and work experience.
We believe that exploring the specific channels through which human capital affects survival is an
interesting avenue for future research.
From the second specification in Table 3, we can also observe that firms with higher relative
6
BR
Computing dNdx
using deviations from the estimated optimum variable N BRDev directly, instead of using a
OLS regression of NBR on x, yield similar values.
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assets or employment, as well as those which face higher average wages in their sectors-locations
tend to have NBRs which are closer to the estimated optimum. In contrast, faster growing firms
and those in highly agglomerated markets tend to spend (per employee) farther from the optimum.
The relationship between the (belief of having a) competitive advantage and optimal spending may
also be an interesting finding. If one is willing to consider that the competitive advantage variable
measures confidence to some extent, this result suggests that highly confident entrepreneurs have
a relatively precise estimate about the efficiency of employees, resulting in spending closer to the
optimum. This last result reinforces the idea that knowledge matters for sound decision making.

Conclusion
This paper analyzes spending of new firms and how it relates to their survival. Our focus is on
how entrepreneurial knowledge about the contribution of human and non-human inputs to value
determines firm survival. We also propose the concept of the normalized burn rate (NBR)—the
firm’s total periodic spending divided by its number of employees—as a simple metric that captures
the combination of human and non-human inputs. We find empirically that the propensity of new
firms to fail exhibits a U-shape with respect to the NBR. In addition, we find that most firms
over-spend on payroll, resulting in too little spending per employee. Thus, given the U-shape with
respect to NBR, this last result translate into higher propensity of failure. The NBR could also be
used to improve prediction of firm failure out of sample. This is particularly relevant to investors
and entrepreneurs.
Our empirical estimation tests the predictions from theoretical model that relates entrepreneurs’
knowledge to allocation decisions and resource allocation decisions to survival. A key contribution
of our theoretical approach is to argue that a flow variable—the NBR—reflects entrepreneurs’
knowledge and beliefs and can potentially explain the evolution of the stock of strategic assets.
This additional mechanism contributes to shed light on the determinants of the so-called liability
of newness.
This research also has some practical implications for investors and entrepreneurs. The NBR
can be used as a tool for comparison across firms, to analyze firm portfolios and to flag firms in
potential distress. Unlike other measures which may not be under the firm’s control, or may be
firm specific, the NBR is easy to compare across firms at different stages of development and in
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different environments.
We believe there are several potential routes for future research resulting from our findings.
In our analysis, the competitive advantage variable correlated with firm survival and with smaller
deviations from optimal NBRs. It is possible that the NBR mediates entrepreneurs’ beliefs and
tacit knowledge. A second potential avenue for further research is to classify expenditures by their
type (marketing, operations, manufacturing etc.), and examining the impact of resource allocation
by category on firm survival. Providing insight into how internal firm actions and decisions by
entrepreneurs translate to firm success holds tremendous potential for future research.
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Figure 1: Annual failure rates of firms in KFS dataset.
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Figure 2: Mean failure rates by quantiles of burn rate. Data split into 20 quantiles. Each dot
represents approximately 660 observations, which are 5 percent of the data.
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Figure 3: Predicted failure rates using our hazard model.

Tables
Table 1: Summary Statistics of Variables
Variable
Failure Event (Proportion)
Education (1 to 10, e.g., 7: Bachelor’s degree)
Work Experience (Years)
Competitive Advantage (0:No, 1:Yes)
Burn Rate ($)
Normalized Burn Rate (NBR, $ per employee)
Growth rate
Agglomeration (A)
Competition (H)
Assets ($)
Relative Assets
Relative Employment
Labor Fit
Average Wage ($K)
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Mean
0.056
6.488
13.126
0.620
228,769
37,021
0.77
0.052
0.023
346,849
0.949
0.293
-0.999
41.091

Std. Dev.
0.230
2.071
10.837
0.485
1,053,122
57,224
3.21
0.021
0.066
7,431,426
1.760
0.705
0.194
16.925

Table 2: Firm survival model estimation results
F ail Event

(1)

(2)

(3)

(4)

-0.211***
(0.078)

-0.433***
(0.098)

-0.398***
(0.098)

-0.291***
(0.103)

0.067***
(0.015)

0.063***
(0.015)

0.051***
(0.016)

Education

-0.054**
(0.023)

-0.043*
(0.023)

W ork Exp.

-0.017***
(0.005)

-0.015***
(0.005)

N BR

N BR2

Comp. Adv.

-0.421***
(0.093)

Growth

-0.015
(0.126)

Growth2

-0.009
(0.016)

Assets

-0.000
(0.000)

Relative Assets

-0.057
(0.056)

Rel. Employment

-0.107
(0.145)

Avg. W age

-0.007
(0.006)

Agglomeration (A)

2.236
(3.065)

Competition (H)

-0.777
(0.870)

Labor F it

0.002
(0.263)

Year FE
NAICS FE
State FE
AUC
Log-Likelihood
N
Std. errors in parentheses

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

0.639
-42,209.783
13,214
* p < 0.10

0.645
-42,086.297
13,214
** p < 0.05

0.651
-41,901.025
13,214
*** p < 0.01

0.668
-41,520.697
13,214
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Table 3: Results of OLS analysis using the
deviations from estimated optimal NBR as the
dependent variable.
NBR Dev

(1)

(2)

Education

-0.0246***
(0.0037)

-0.0183***
(0.0036)

W ork. Exp.

-0.0061***
(0.0007)

-0.0052***
(0.0007)

Comp. Adv.

-0.0748***
(0.0140)

Growth

0.069***
(0.0135)

Growth2

-0.0018**
(0.0008)

Avg. W age

-0.0027***
(0.0009)

Assets

-0.0000*
(0.0000)

Rel. Assets

-0.1026***
(0.0117)

Rel. Employment

-0.0570***
(0.0151)

Agglomeration (A)

1.3864***
(0.3217)

Competition (H)

0.0190
(0.1515)

Labor F it

-0.0133
(0.0380)

Y ear F E
N AICS F E
State F E
R2
N
Standard errors in parentheses
* p<0.10
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Yes
Yes
Yes

Yes
Yes
Yes

0.08919
13,214

0.15206
13,214

** p<0.05

*** p<0.01

A

Proofs

Proof of Proposition 1. We first show that if an entrepreneur has beliefs βs , they will set their αs
to be above βs when βs > 1/2.
The entrepreneur maximizes the firm’s expected value, which is equivalent to solving:
max Eβ [(α)β (1 − α)1−β ]
α

(9)

The derivative of the expression can be written as:
Eβ [(α)β−1 (1 − α)−β (β − α)]

(10)

Suppose the entrepreneur sets exactly α = βs . We can rewrite the derivative at α = βs as:
Z

βs

(βs )

β−1

−β

(1 − βs )

Z

β

(β − βs )g(β)dβ +

β

(βs )β−1 (1 − βs )−β (β − βs )g(β)dβ =

(11)

βs

Z

η

=

(βs )

βs −η−1

−βs +η

(1 − βs )

Z
(−η)g(βs − η)dη +

0

η

(βs )βs +η−1 (1 − βs )−βs −η (η)g(βs + η)dη =

0

(12)
Z

η

=


η(βs )βs −1 (1 − βs )−βs βsη (1 − βs )−η − βs−η (1 − βs )η g(βs + η)dη

(13)

0

The first equation stems from a change of variables when η = β − βs , and the second uses the
fact that g() is symmetric around βs . Since βs > 0 and η > 0, the resulting expression is positive


if and only if βsη (1 − βs )−η − βs−η (1 − βs )η > 0. This holds only if βs > 1/2.
Because the marginal expected profit is positive at βs when βs > 1/2, the entrepreneur will set
αs > βs .
Finally, because the values of βs are unbiased and symmetric, half the entrepreneurs will believe
βs > βT and half will believe βs < βT . If βT > 1/2, this yields that the majority of the entrepreneurs
will set αs > βT , proving the second item.
The first item is a straightforward conclusion from the fact that entrepreneurs don’t set αs = βT
exactly because of their uncertainty and potentially inaccurate beliefs and from the fact that the
failure rate of companies is minimized at βT .
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B

Coding of the Education Variable
Value
1
2
3
4
5
6
7
8
9
10

Education Level
Less than 9th grade
Some high school, but no diploma
High school graduate (diploma or equivalent diploma GED)
Technical, trade or vocational degree
Some college, but no degree
Associate’s degree
Bachelor’s degree
Some graduate school but no degree
Master’s degree
Professional school or doctorate

Table 4: Coding of the Education Variable

C

Basic Dynamic Model

We assume the entrepreneur seeks to maximize the value of the firm in each period and reinterpret
expenditures to make explicit the role of burn-rate per employee on the probability of failure. The
parameters representing the quality of the firm and the discount factor are denoted by P and δ
respectively. The probability of survival is given by P f (x) where x represents the wage-bill portion
of the budget B. The linear probability of survival in f (x) is a simplification of a more general
model (see below). We assume P is such that P f (x) ∈ [0, 1]. The parameter P reflects how much
of the per-period value created by the firm (through f ) increases the chances of survival. The
probability of closure is 1 − P f (x). For simplicity, we assume that the value of the firm is zero in
the event of closure.
To obtain an expression in terms of total spending per employee, we assume that in any period
there are complementarities between spending on employees and other spending. For simplicity we
assume a Cobb-Douglas specification f (x, y) = rxβ y 1−β , where y denotes other spending (which
we label “capital” for the lack of a better term), r is an entrepreneur specific productivity factor
and 0 < β < 1 measures the efficiency of labor. Without loss of generality (see next section for a
more general model) the entrepreneur will use the whole budget, that is y = 1 − x.
We restrict the efficiency of capital to 1 − β for parsimony, but our results hold for a general
0 < γ < 1. The restriction of β to be between zero and one means that “labor” (x) and capital
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have decreasing returns, but also implies there is an optimum allocation of resources that does not
assign all resources to either labor or capital.
In any period, the entrepreneur creates value through f (x) for that period only. But she does
it every period ad infinitum if the firm had survived. The firm however, can fail in any period
with probability 1 − P f (x), in which case, its value goes to zero thereafter. This is a model that
perhaps most closely represents firms with very high goodwill (as a proportion of total assets):
in the extreme case when the firm cannot accumulate physical assets (such as some consultancy
firms, software firms, etc.), its value relies on the entrepreneur doing her best to match employees
to other resources each period. The stochastic nature of failure represents, among other things,
uncertainty in demand or the entrepreneur’s imperfect knowledge of the actual productivities of
labor an capital.
In order to solve the model, we assume stationarity. The current probability of survival depends
on current spending only. Given these assumptions, the problem of the entrepreneur is
V = max {f (x) + δV P f (x)}
x∈(0,1)

The first order condition is
df
(1 + δV P ) = 0
dx
and the second order condition holds by the Cobb-Douglas assumption. Since 1 + δV P > 0, if the
entrepreneur knew exactly the true value of β which we denote βT , the optimal allocation will be
x∗ = βT . x∗ also minimizes the probability of closure of the firm. This solution is exactly the same
as in the paper. Note that the expression for the value of the firm is
V =

f (x∗ )
1 − δP f (x∗ )

which is increasing in f . This expression illustrates that the entrepreneur should choose her firm’s
wage bill such that per-period complementarities between employees and other resources are maximized.
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A more general model
We now relax the linear probability assumption and the binding budget constraint. One way of
doing this is by defining the value of the firm in period t as:
Vt = f (xt , yt ) − xt B − yt B + B + δVt+1 P r{Vt > C}
where B is a parameter representing the fixed per-period budget. Note that we could have had
specified the production function in terms of total amount spent F (x, y) = R(xB)β (yB)1−β rather
than proportions of the budget f (x, y) = rxβ y 1−β . This is without loss when we define r = RB.
To solve this problem, let us first assume the budget constraint is binding. In that case, xt +yt =
1. Focusing on the stationary equilibrium, Vt = Vt+1 = V and xt = xt+1 = x and yt = yt+1 = y for
all t. Let us also assume that the opportunity cost C follows a cumulative distribution function H(c)
for simplicity of exposition. The entrepreneur will close down the business if V < C, hence survival
occurs with probability P r{V > C} = P , which is constant in equilibrium. This assumption about
the opportunity cost of the entrepreneur is different from the one employed in the paper, but it
makes the model more tractable. It does not add any insights about the entrepreneur’s decision on
optimal wage bill. The entrepreneur chooses the wage-bill x ∈ (0, 1) that solves
V = max{f (x) + δV H(f (x) + δV P )}.
x

The first order conditions is
∂f
dH
+ δV
∂x
dc



∂f
∂x


=0

or
∂f
∂x
As a result, as long as (1 + δV

dH
dc )



dH
1 + δV
dc


= 0.

is positive at the optimum, this is equivalent to the results in

both the previous section and the paper.
Let us now explore the conditions on the parameters such that a binding budget constarint is
part of the equilibrium. The problem now can be stated as
max f (x, y) − xB − yB + B + δV H(f (x, y) + δV P − xB − yB + B)
x,y
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subject to
x, y ≥ 0

(IC)

B ≥ xB + yB (BC).
We focus on interior solutions in terms of x and y, so the IC (Interior Conditions) are not binding.
That is, the Lagrange multipliers associated to both constraints are zero.
The Lagrangian is given by
L = f (x, y) − xB − yB + B + δV H(f (x, y) + δV P − xB − yB + B)
+λ(B − xB − yB).
The first order and complementary slackness conditions imply:
∂L ∂f
:
− B + δV
∂x ∂x
∂L ∂f
:
− B + δV
∂y
∂y



dH ∂f
− B − λB = 0
dc ∂x


dH ∂f
− B − λB = 0
dc ∂y
λ(xB + yB − B) = 0

Manipulating ∂L/∂x and ∂L/∂y we obtain

∂f
1 + δV
∂x

∂f
1 + δV
∂y



dH
= B 1 + δV
dc


dH
= B 1 + δV
dc


dH
+λ
dc

dH
+λ
dc

which is equivalent to ∂f /∂x = ∂f /∂y at the critical point. This is
βxβ−1 y 1−β = (1 − β)xβ y −β
βy = (1 − β)x
which by the complementary slackness condition is equivalent to β(1 − x) = (1 − β)x or
x∗ = β
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the same result in the paper and in the previous section.
The expression for λ is

 

dH
dH
1 ∂f
1 + δV
− 1 + δV
λ =
B ∂x
dc
dc



dH
1 ∂f
=
1 + δV
−1 .
dc
B ∂x
As a result, λ > 0 if and only if



1 ∂f
−1
> 0
B ∂x
1 ∂f
> 1
B ∂x

1
rββ β−1 (1 − β)1−β > 1
B
r >

B
− β)1−β

ββ β−1 (1

which is a feasible condition on the parameters. This latter condition on the parameters make the
solution x∗ = β optimal.
Note that if we were to assume that the budget constraint does not bind, i.e. λ = 0, then a
solution would be that
∂f
∂f
=
= B.
∂x
∂y
Recall that ∂f /∂x = ∂f /∂y is equivalent to βy = (1 − β)x. In turn,
rβx−(1−β) y 1−β = rβ

∂f
∂x

= B is equivalent to

 y 1−β

x


1 − β 1−β
= rβ
β
= B

which holds only for a zero-measure subset of the parameter set. As a result, the assumption of
binding budget constraint is without loss of generality under the assumptions laid out on this note.

D

Correlation of Explanatory Variables
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Failure Event
Education
Work Exp.
Comp. Adv.
NBR
Growth
Agg. (A)
Comp. (H)
Assets
Rel. Assets
Rel. Emp.
Labor Fit
Avg. Wage

Failure
Event
1.000
-0.034
-0.041
-0.047
-0.045
-0.013
-0.014
-0.004
-0.008
-0.035
-0.026
-0.004
-0.041
1.000
0.035
0.096
0.049
0.015
0.042
0.002
0.022
0.049
0.051
-0.003
0.198
1.000
0.026
0.086
0.020
0.021
-0.009
0.019
0.052
0.036
-0.055
0.139

Education Work
Exp.

1.000
0.054
0.064
-0.008
0.041
0.011
0.071
0.056
-0.005
0.001

Comp.
Adv.

1.000
-0.019
-0.038
0.024
0.049
0.248
0.089
0.042
0.090

NBR

1.000
-0.014
0.005
0.031
0.216
0.225
-0.017
-0.039
1.000
0.159
-0.004
0.006
-0.033
0.111
0.090

Growth Agg.
(A)

1.000
0.000
-0.001
-0.049
0.138
0.005

Comp.
(H)

1.000
0.147
0.063
0.003
0.023

Assets

1.000
0.244
-0.002
-0.012

Rel.
Assets

1.000
-0.058
0.001

Rel.
Emp.

1.000
0.089

Labor
Fit

1.000

Avg.
Wage

