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1 Introduction

Understanding the potential returns to capital in small enterprises has both practical impli-
cations for microfinance and theoretical relevance to the understanding of poverty dynamics.
Are huge returns to small investments widespread, just waiting for expanded access to mi-
crofinance, or are they rare and concentrated in specific contexts? Are returns to scale
diminishing as in standard models, supporting a long-run prediction of conditional conver-
gence in incomes? Or, conversely, are there regions of increasing returns to scale that many
micro-enterprises do not have the resources to reach, leaving them stuck in a poverty trap?

The major obstacle to measuring marginal returns to capital is the difficulty in control-
ling for unobserved productivity. Naive estimates of the relationship between profits and
assets in a cross-section are likely subject to serious selection bias because we expect assets
to be correlated with productivity. The initial assets of an individual entering the workforce
will be correlated with the quality of nutrition and education they received as children, as
well as with other forms of human capital passed on by their parents. Then, those with
higher productivity and therefore higher income will be able to build up assets more quickly,
thereby strengthening the correlation of productivity with assets.

I control for the relationship between assets and productivity by taking full advantage
of panel data on Mexican households. I construct a Roy model of choice between wage
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work and self-employment in which entrepreneurial1income depends on assets. I prove
non-parametric identification of the schedule of returns to assets for different productivity
types. That is, I not only estimate the marginal returns to assets for non-agricultural
micro-enterprises, but also trace out a full schedule of returns available to them. This
enables predictions about the returns from large increases in assets as well as small.

I also show what can be non-parametrically identified about the joint distribution of
entrepreneurial productivity and initial assets. Because entrepreneurial income is only ob-
served for some of the population, only set-identification is possible for this distribution.
The model of entrepreneurial choice bounds the set, treating every observation of a wage
income as an upper bound for that person’s potential entrepreneurial income.

The extensive literature on micro-enterprises (a.k.a. the informal sector) in developing
countries informs the model presented here. For instance, Maloney (1999) argues that data
on sectoral transitions show that self-employment is a choice, not just a fallback for those
queuing for wage work, contrary to traditional explanations.

Recent U.S. studies have documented the importance of initially non-employer firms
even in a developed economy setting. Davis et al. (2009) find that “Over a three-year
horizon, three percent of the roughly seven million non-employers in our selected industries
[hire paid workers]... They account for 28 percent of firms and 20 percent of revenues among
young employers (three years or less since first hire) in our selected industries.” Bhide (2000)
reminds that “Sam Walton built a distribution center in 1969, more than two decades after
opening his first store,” and argues that “Most [ultimately highly successful and innovative]
entrepreneurs start their businesses by copying or slightly modifying someone else’s idea.”

The recent resurgence of interest in estimating production functions, of which Gandhi
et al. (2009) is perhaps the most recent example, is indirectly related.2More relevant are sev-
eral recent papers that seek to measure the marginal returns to capital in micro-enterprises
using experimental or quasi-experimental methods. They find marginal returns of over
100% annually in a variety of contexts.3 Yet, this work tends to study a narrow range of
businesses, which raises doubts about the external validity of these findings and offers little
information about the distribution of potential returns to capital, generally.

1I will use the terms ’self-employment’ and ’entrepreneurship’ interchangeably throughout, defined as self-
directed activity. Acknowledging that there are huge differences in ability and ambition across entrepreneurs,
there is good reason to study even the smallest non-employer entrepreneurs. For the vast majority of them
that are well-described as ’subsistence’ entrepreneurs, they are important for understanding the persistence
of poverty. Then there are a small fraction with potential to become ’transformational’ entrepreneurs and
introduce significant innovations.

2The goal in that literature is to estimate production (usually revenue) as a function of capital, labor,
and other inputs, and the challenge is that these inputs are chosen optimally with reference to a productivity
realization unobserved by the econometrician. In contrast, I estimate the functional dependence of profit on
assets available to the firm (i.e. household assets), assuming that productivity is fixed across time for each
individual and that changes in assets over time are driven by transitory income or preference shocks rather
than anticipated productivity shocks.

3For instance, McKenzie and Woodruff (2008) randomly assign $140 (US$) grants (consisting of either
cash or requested in-kind capital) to retail firms in León, Mexico that start with less than $500 of capital
(excluding buildings). They estimate annualized returns of 240-400% ($336-$560).
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One exception is McKenzie and Woodruff (2006), which investigates returns to capital
in Mexico using a detailed cross-sectional survey of firms with five or fewer workers. They
find that marginal returns to capital are around 150% annually for firms with less than $500
of capital. They cannot reject that returns to scale are everywhere decreasing. They also
find that many firms have very little or no capital, suggesting that capital requirements do
not pose barriers to entry.

Because they use cross-sectional data, they cannot control for the correlation of produc-
tivity with capital level. Therefore, I expect their estimates of returns to capital are seriously
biased. Also, their framework does not allow them to examine if those entrepreneurs with
very little capital are a special group uniquely able and willing to start a business with
such little capital, whether due to their high entrepreneurial abilities, their low prospects
for wage work, or their preferences for self-employment.

In contrast, panel data and economic modeling allow me to control for productivity. I
use the wage earnings of those who never enter self-employment to bound their potential
self-employment earnings. By estimating the full schedule of returns to assets, I can better
understand the opportunities and constraints facing micro-enterprises. For instance, if firms
only face high marginal returns for small increases in capital, lenders may be unable to prof-
itably lend to them.4 On the other hand, if the average returns are high for a large increase
in capital, particularly if there are increasing returns to scale (e.g. lumpy investments)
beyond a certain threshold, then there may be unrealized potential for efficient loans.

2 Model

I use a Roy-type model of choice between wage work and self-employment in which self-
employment profits depend on current assets and individual profitability5 in a flexible way.6

I allow the functional dependence of profits on assets and profitability to be fully non-
parametric, assuming only that profits are increasing in both inputs. Profitability is allowed
to be correlated in a general way with initial asset level and subsequent asset choices, and I
will estimate the distribution of profitability conditional on initial assets (i.e. assets in the
first year of data).

4For example, suppose a retail firm in León could earn $336 more each year with certainty with just $140
more capital (240% return of the scale estimated by McKenzie and Woodruff (2008)). Suppose a bank’s
financing costs are just 30% ($42) but that it faces a quasi-fixed cost of $300 (214% in this case) of screening
the loan, monitoring it, and enforcing its repayment throughout the year. Then the lender’s costs are higher
than the returns to the firm and the loan will never be made.

5Following the literature on firm growth (for instance, Melitz and Ottaviano (2005)), I distinguish between
productivity, a measure of technical efficiency, and profitability, a combination of productivity and favorable
market conditions. I will focus on the latter since I only observe profit. Due to the short time duration
and very limited observations in the longitudinal direction, I will assume individual profitability is basically
fixed over time even though market conditions are clearly subject to change for different types of businesses
in different locations.

6 I assume optimal allocation of labor and other inputs, given profitability and available assets.
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2.1 Specification

Let the expected values of potential earnings in the wage and entrepreneurial sectors be
given by

yw(wi, ait, Xw
it ) = exp(wi + βwXw

it )

ye(ei, ait, Xe
it) = f(ait, ei + βeXe

it)

where wi denotes (the natural log of) the wage individual effect, ei denotes entrepreneurial
profitability, and ait is assets. Let Xw

it and Xe
it be time-dependent7 factors that affect wage

and entrepreneurial income (e.g. year effects, wage experience, self-employment experience).
Denote the mode of assets in the sample ā and normalize f(ā, ei +βeXe

it) = exp(ei +βeXe
it)

to fix the scale of entrepreneurial ability. Assume f(a, e) is increasing in a and strictly
increasing in e. This reduced form relationship between assets, profitability, and income
can be understood as arising out of a model of capital choice with borrowing costs and
constraints which is described in the next section.

Then let dit ∈ {0, 1} be the choice between wage work (d = 0) and self-employment
(d = 1), given by:

dit =

0 if yw(wi, ait, Xw
it ) ≥ ye(ei, ait, Xe

it) exp(βhZit + νit))

1 otherwise

where Zit are characteristics that affect hedonic (non-pecuniary) preferences for self-employment
(e.g. number of young children, previous wage and self-employment experience) and νit is
a zero-mean, Normal, i.i.d. preference shock. Agents are risk-neutral so they choose based
on expected incomes only. However, the hedonic term βhZit allows for preferences for the
less risky alternative in an ad hoc way.

Suppose the actual income realized subsequent to the choice of dit is given by

yit =

yw(wi, ait, Xw
it ) · εwit if dit = 0

ye(ei, ait, Xe
it) · εeit if dit = 1

where εwit and εeit are multiplicative i.i.d. shocks to wage and self-employment income with
unitary expected value. The independence of these income shocks with respect to individual
effects and observed characteristics is critical for identification - heteroskedasticity is not
allowed.

I have not yet examined whether this model can adequately account for the observed
pattern of movement between wage and self-employment, particularly given the absence any

7That is, they may change between observed time periods. Otherwise, they would be indistinguishable
from individual-specific productivity.
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persistent random effect in hedonic preferences. Here, changes over time in an individual’s
expected income are only allowed as a result of observed characteristics:

• Wage income increases if productivity due to time-changing factors βwXw
it increases

• Entrepreneurial income increases if assets ait or βeXe
it increases

And a given individual would only switch from wage work to entrepreneurship (or vice
versa) over time if (some combination of):

• Potential wage or self-employment earnings changes sufficiently.

• Hedonic preferences βhZit + νit change sufficiently.

There is an important dynamic element to the decision to start a business in that there
are typically significant returns to experience. So an individual would be willing to switch
to self-employment even before his expected self-employment income is higher than his
potential wage income because he anticipates higher returns in the future. This static
model of self-employment choice allows for such behavior as long as firm age is included in
both Xe

it and Zit.

2.2 Assets and Capital

Consider the following model of capital choice in the presence of a saving/borrowing interest
rate spread, rs/rb, a fixed transaction cost of borrowing Cb, and a borrowing limit dependent
on assets and productivity, L(a, e). Assume fk(k, e) is strictly increasing in both k and e

and twice differentiable with ∂2fk

∂k∂e > 0 everywhere. Define:

k∗(a, e) = arg max
k

fk(k, e) + (a− k)rs − [Cb + (k − a)(rb − rs)]I(k > a)

s.t. k − a ≤ L(a, e)

Thus we will have

∂fk(k∗, e)
∂k

∈



(0, rs) if k∗ = 0

{rs} if k∗ < a

[rs,∞) if k∗ = a

{rb} if a < k∗ < a+ L(a, e)

[rb,∞) if k∗ = a+ L(a, e)

Then let f(a, e) from the previous section be defined as the reduced form:

f(a, e) = fk(k∗(a, e), e)
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It can be shown that f(a, e) is weakly increasing in a and strictly increasing in e.

3 Identification

Recall that our purpose for this model is to help disentangle the effects of assets and hetero-
geneous productivities on self-employment earnings, that is, to identify f(a, e). It is perhaps
most natural to think of the relationship between productivities and assets as a question
of the distribution of assets held by those of each productivity type. But it is more conve-
nient, given that assets are directly observed, to specify the joint distribution of individual
productivities conditional on assets, namely G(wi, ei|ai0, ai1, . . . , aiT ). Without imposing
a parametric form on this distribution, we would only be able to achieve set-identification
since many individuals are only observed in one occupation or the other. Instead we will
limit ourselves here to non-parametrically identifying the distribution of ei for those actually
observed in self-employment at some time.

3.1 Identifying f(a, e)

To show identification of f , we need only consider individuals with more than one observa-
tion of self-employment earnings. For clarity of exposition, assume there are no changes in
profitability over time: βe = 0. (A proof of identification allowing for nonzero βe will need
to be added in an appendix.)

We assume observations of self-employment earnings, yit, and assets, ait, for just two
time periods for each individual t ∈ {0, 1} in the self-employed population. We have

ln yit = ln f(ait, ei) + ln εeit

Assumption-1 Unlimited observations with ai0 = ai1 are present in the population.

For all individuals with unchanging assets, we observe both ln yi0 = ln f(ai0, ei) + ln εei0 and
ln yi1 = ln f(ai0, ei)+ln εei1. Then, Kotlarski’s Theorem8 says that the distributions of ln εei0
and ln εei1 are identified, which we assume are the same. (The distribution of ln f(ai0, ei)
for those with ai0 = ai1 is also identified, but that is not something we care about).

Now we can obtain the distribution of f(ait, ei) for any subset of observations by de-
convolution. Knowing the distributions of yit and εeit, we can recover the distribution of
f(ait, ei) = yit − εeit.

Assumption-2 The subset of individuals observed with ā assets at some point in time
includes the full support of entrepreneurial profitability types.

8Suppose you know the distributions of two random variables Ai and Bi, which are related in the following
way: Ai = Ci + Di and Bi = Ci + Ei, where Ci, Di, and Ei are mutually independent. Kotlarski proved
that the distributions of Ci, Di, and Ei are identified.
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This is required since the scale of ei is fixed by observations of income with assets ā. It
serves as an example of a broader point about identification in this setting. The returns to
assets ã for an individual with profitability ẽ can only be identified if some individual with
profitability ẽ is observed at some time with assets ã.

Assumption-3 Every individual observation i is connected via asset changes to an equally
profitable individual with ā assets in the following sense: there exists some ordered set
of N other individuals (ni1, ni2, . . . , niN ), all with the same profitability, ei, such that
for some set of time periods (t0, t1, . . . , t2N ), we have ait0 = ani1,t1 , ani1,t2 = ani2,t3 ,
ani2,t4 = ani3,t5 and so on, with aniN t2N = ā.

For example, if the subset of individuals observed with ā assets spans the full range of (ei, ait)
pairs observed in the population, then Assumption 3 would be satisfied for all individuals
with N at most 1. But it is more likely that individuals observed with ā assets at one point
in time will only be observed with assets in some neighborhood of ā, so individuals with
assets always outside of that neighborhood will need to be connected by observations of
other intermediate individuals.

Now consider the distributions for the subset of observations with ai0 = ā and ai1 = ã

for some ã 6= ā:

FA(f(ā, ei)|ai0 = ā, ai1 = ã)

FB(f(ã, ei)|ai0 = ā, ai1 = ã)

Since f(a, e) is strictly increasing in ei and the distributions condition on the same set
on individuals, we know that the α quantile in F 0 (here denoted QAα ) corresponds to the
same ei as the corresponding quantile in F 1 (denoted QBα ). Recall that f(ā, e) = e by
normalization, so we can simply write f(ā, QAα ) = QBα . Thus for every profitability type e
present in the subset with ai0 = ā and ai1 = ã (denoted Seāã), we can identify f(ã, e).

Then we can trace out f(a, e) for every observed a and e in the following way. For
some new ã′ 6= ã, take the subset of observations with ai0 = ã and ai1 = ã′, and name the
distributions of their expected earnings each time period as follows:

FC(f(ã, ei)|ai0 = ã, ai1 = ã′)

FD(f(ã′, ei)|ai0 = ã, ai1 = ã′)

Now, for every e ∈ Seāã for which we have seen f(ã, e) is identified, find the quantile of
FC , α′, for which QCα′ = f(ã, e), if it exists. But then we can identify f(ã′, e) = QDα′ since
the same quantile corresponds to the same e, as above. Then repeating this process for
all observed combinations of assets observed for the same individual over time will allow
identification of f(a, e) for all observations, subject to the assumptions above.
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3.2 Identifying the distribution of ei for observed entrepreneurs

Notice that the identification of f did not require any assumptions about the correlation
between ei and either initial assets or changes in assets. There is reason to expect a positive
correlation between ei and initial assets, as well as a positive correlation between ei and
asset growth, conditional on initial assets. These likely correlations do not prevent the
identification of f and thus they can, in turn, be identified in a straightforward manner.

4 Data

Table 1 details the construction of the preliminary sample used for the descriptive statistics
to follow. (I now see it was a mistake to remove assets and earnings “outliers” as these are
some of the most interesting observations.)

Table 2 shows the transition matrix between wage and self-employment in 2002 and
2005. The data also allow for reconstruction of earnings and assets for 2001 and 2004, but I
have not yet cleaned it. Note that annual earnings are reported here, but it will be better to
report in future the earnings from the last month before the survey, since these correspond
more closely to the assets reported at the time of the survey (which may have changed over
the course of the previous year).

The descriptive statistics in Table 3 are basically as would be expected.
Figure 1 represents the changes over time in assets and earnings for each of four transi-

tion categories, revealing a number of interesting and intuitive relationships. Among those
working for a wage in 2002, those who switch to self-employment had both lower earnings
and lower assets and enjoyed much less earnings growth. Among those self-employed in 2002,
those who switched to wage work in 2005 started with less assets but higher earnings. How-
ever, in 2005, their median earnings are the same as those who stayed in self-employment,
with a large divergence in their assets. On the whole, the picture is consistent with assets
being important for self-employment income. It also suggests that the wage workers tend
to report higher earnings and have lower assets.

Figure 2 shows the variation over time of individual assets in the data and the overlap
of the individual variation, one necessary condition for identification Assumption 3. For
each individual observation of asssets in both 2002 and 2005, consider the interval [a02, a05].
Then, for each value of assets a, Figure 2 plots how many individual intervals include that
point.

Clearly there are many important aspects of the data left to explore, including house-
hold composition, urban/rural and regional differences, the prevalence of migration and
household changes, and differences across industry.
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Table 1: Sample Construction

Table 2: Wage / Self-employment Transition Matrix
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Table 3: Descriptive Statistics (Standard deviations are in parenthesis. The percentage of
individuals with a positive amount is included in square brackets.)
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Figure 1: Income vs. Assets across Time and Transition Categories (The size of markers
corresponds to the proportion of the sample in the represented transition category.)
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Figure 2: Coverage of Asset Change Intervals
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5 Estimation

Specify f(ait, ei + βeXe
it) as f(ait) exp(ei + βeXe

it). Specify ε income shocks as Normal.
Assume (wi, ei)|ai0 ∼ BV Normal ((µw(ai0), µe(ai0)),Σ), with µw(ai0), µe(ai0) specified as
affine functions of ai0:

µj(ai0) = βµj0 + βµj1 ai0

Specify X and Z variables..

Appendix: A General Proof of Nonparametric Identification

Can identify f(a, e) non-parametrically but cannot in general identify the full distribution
of wi, ei, as in the case of the Roy model. However, I can identify the sectoral productivities
of those observed in each sector and infer upper bounds on their productivities in sectors
they are not observed in, which amounts to set identification.
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