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Abstract
This paper presents IV estimates of the returns to schooling for Honduran males by exploiting the variation in the
availability of schooling at the time individuals were eligible to commence their education. The IV estimates are
significantly higher than OLS estimates. The higher rate of return estimates are driven by the greater schooling attainment and the higher marginal returns for individuals from more privileged family backgrounds. In line with studies
for developed countries, we conclude that, when estimating rates of return to education for developing countries, it is
important to account for the endogeneity of educational attainment. [JEL J31, J24, O15]  1998 Elsevier Science Ltd.
All rights reserved.
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1. Introduction
Innumerable studies using data from all parts of the
world estimate that educational rates of return for an
additional year of schooling are positive and range anywhere from 5 percent in developed countries to as high
as 29 percent in developing countries.1 Armed with estimates such as these, developing countries like Honduras
have allocated substantial portions of their budgets to the
education sectors.2 While rate of return estimates are an
important ingredient in policy-making, as is well known,
they suffer from several drawbacks. For example, rate of
return estimates are biased when individual heterogeneity and the endogeneity of schooling investment
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1
A survey of returns to education in developing countries,
focusing on Latin America in particular, is provided by Psacharopoulos and Ng (1992).
2
In 1995, public spending on education accounted for
approximately 16 percent of total government expenditure in
64 developing countries (UNDP, 1995).

decisions is not taken into account. The point is that educational outcomes are not assigned randomly across the
population, instead years of education may be determined through a process of self-selection. Thus, relying
on ordinary least squares (OLS) may result in incorrect
estimates of the actual return to education.
Several approaches have been developed to tackle the
self-selection and endogeneity issue. These approaches
may be divided into groups based on the methodology
that they employ. One approach attempts to control for
unobserved characteristics that may bias conventional
OLS estimates. For instance, Blackburn and Neumark
(1995) include proxies for ability in earnings equations.
Including ability proxies tends to lower the estimated
returns to schooling and suggests that OLS estimates are
biased upwards. Another set of studies within this genre
has relied on using panel data for twins to estimate the
returns to schooling. This approach relies on the idea that
differencing eliminates the effects of common ability and
family backgrounds so that the estimates are purged of
these time-invariant effects. Recent studies using this
approach display varying results. For instance, Ashenfelter and Krueger (1994) find higher, while Ashenfelter
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and Zimmerman (1993) report slightly lower educational
return estimates compared with conventional OLS estimates.
A second broad approach relies on constructing a “selectivity-correction” term from a schooling attainment
equation and including the correction term in the earnings equation to obtain consistent estimates of educational returns. Studies using this strategy typically
report higher returns compared with OLS estimates (e.g.,
Gaston and Tenjo, 1992; Bedi and Gaston, 1997). A
third, recent, and perhaps more convincing approach,
relies on using exogenous (or “natural”) variation in educational attainment to provide instrumental variables
(IV) estimates of the returns to education. This approach
relies on finding a variable or set of variables that influence schooling decisions but do not affect earnings outcomes. Card (1993) provides a review of studies that
have applied this methodology. Most of these IV studies
also yield significantly higher estimates of the returns to
schooling (e.g., Harmon and Walker, 1995), although
there are some that have not (e.g., Angrist and
Krueger, 1991).
Most of the studies cited above have relied on data
from developed countries. Despite the policy implications, there is limited evidence on how returns to education are affected by the endogeneity of education in
developing countries. Unfortunately, panel data on twins
or satisfactory measures of ability are not common for
developing countries. This paper is in the spirit of the
third approach and presents IV estimates of educational
returns for a developing country. In particular, we use
recently collected survey data from Honduras and rely
on variation in the educational distribution of individuals
caused by fluctuations in the availability of schooling to
provide identifying information for individuals’ schooling decisions.
In Section 2, we discuss the empirical approach that
is used to estimate the returns to education. In Section
3, we describe the data and our estimates. A discussion
of the results and concluding comments are presented in
Section 4.
2. The empirical approach
Consider the following model that consists of an earnings equation and a schooling equation
Yi ⫽ ␤⬘xXi ⫹ ␤sSi ⫹ ⑀i

(1)

Si ⫽ ␦ Z ⫹  i ,

(2)

⬘
z i

where for each individual i, Yi is the natural logarithm
of earned income and Xi is a vector of human capital
and demographic variables. Si represents years of schooling and Zi is a vector of schooling attainment determinants. The error terms ⑀i and i are normally distributed
with zero means and positive variances.

As is well known, OLS estimates of ␤s and ␤x are
consistent only if ⑀i and i are uncorrelated. However, if
an unobserved characteristic, say “ability”, has a positive
effect on earnings and schooling then OLS estimates of
the return to schooling will be biased upward. On the
other hand, measurement error in schooling may generate a negative correlation between the two error terms
and induce a negative bias in OLS estimates (see Griliches, 1977; Blackburn and Neumark, 1995). Further, as
pointed out by Griliches (1977), unobserved factors that
have a positive impact on labour market success may
lead to lower schooling attainment (and cause OLS estimates to be biased downward). This latter case suggests
that individuals with greater earnings potential at each
level of education invest less in schooling, since they
have a higher opportunity cost of schooling. A negative
bias could also arise if, contrary to a comparative advantage story, those with low schooling have a higher earnings capacity (and higher returns to schooling) but curtailed their education due to higher discount rates. Such
a negative correlation is implied by the Becker model of
human capital investment in which schooling is acquired
until the marginal return to schooling equates the discount rate (see Card, 1995). Thus, while unobserved
ability may bias the OLS estimates upwards, allowing
for the endogeneity of schooling may impart a downward
bias on the conventional OLS rate of return estimates.
The overall size and sign of the bias are, of course, theoretically indeterminate and need to be resolved empirically.
To obtain consistent coefficient estimates for Eq. (1),
we rely on IV estimation. (Appendix A provides estimation details.) We use the variation in schooling availability (SA) as an instrument.3 More specifically, our
measure of SA is the number of primary school teachers
per capita.4 The number of teachers is likely to be highly

3
For each individual in the sample, we construct a time-line
to determine the year in which the individual entered school
(assuming that school starts at 7 years of age, the legal school
starting age in Honduras). Individuals are then matched to the
SA measure for that year. SA has a mean of 4.01 and ranges
between 2.38 and 4.52.
4
Unfortunately, SA only captures nation-wide changes in
educational availability and fails to capture potentially
important regional and rural/urban differences. In addition, a
more appropriate indicator may be school availability at each
stage of an individual’s education career. Finally, SA may be
subject to error due to an incorrect matching of the year in
which the individual actually started schooling, or due to missing information on primary school teachers for particular years.
The information on primary school teachers covers the period
1950–1990, while individuals in our sample may have started
schooling as early as 1933. Also, given the information systems
available in Honduras it is also possible that data (especially
prior to 1960s) are suspect.
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Fig. 1.

School availability in Honduras.

correlated with the contraction and expansion of the
schooling sector in Honduras. While there has been an
overall improvement in the availability of schooling in
Honduras since World War II, Fig. 1 reveals that the
growth in SA has not been uniform over time. There
were relatively steep increases in SA up to the early
1960s, but these were followed by relative decline and
stagnation in the mid-1960s and 1970s. However, with
the advent of democracy, a period of relative political
stability, and the primary education expansion projects
financed by USAID (for further details, see Bedi, 1996),
the 1980s witnessed a sustained increase in SA. By 1982,
SA had recovered to its 1965 level and soon after
reached its highest level (in 1985, SA was around 5.18).5
The use of variation in SA over time as an instrument
for years of schooling is similar to the use of changes in
compulsory schooling laws over time by Harmon and
Walker (1995). Students who grew up during periods of
higher educational availability and access to schooling
are likely to have faced lower educational costs and
consequently, should have acquired more education. This
is borne out by the data. The correlation between actual
schooling and SA is 0.16 and individuals educated during a time with above average SA have 1.44 more years
of schooling than those educated at a time of low SA.

3. The data and results
The data for our study are from the May 1990 survey
of Honduran households conducted by the Office of

5
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The youngest person in our sample was born in 1974, so
that only the SA data up to 1981 are used (see footnote 3).

Planning Co-ordination and Budget. This survey constitutes the primary data collection effort by the Honduran
government and is designed to provide a random sample
with a national scope. It includes general information on
the condition of the household as well as specific information on the education, occupation, and earnings
characteristics of each household member.
We restrict our sample to males aged between 16 and
64, who are not currently full-time students, who supply
information on their labour income and for whom we
have information on family background. In addition,
domestic servants were excluded because their recorded
earnings are probably underestimated due to paymentsin-kind. The sample consists of 2014 individuals.6 The
descriptive statistics for the variables are listed in Table
1. Individuals in the sample average less than five years
of schooling and have average labour market earnings of
256 lempiras (or $US 64 in 1990).
3.1. Estimates of the earnings and schooling equations
Column 1 of Table 2 displays OLS estimates of Eq.
(1). The coefficients indicate positive educational returns
of 6.1 percent and positive, concave returns to age. (We
use age rather than experience, because experience may

6

The original data set contains information for 10 000 households. Restricting attention to males, aged 16 to 64, who report
labour market income, and with information on family background, reduced the sample size to 2014. The last condition
was the most restrictive. The results based on a sample including those not reporting family background information yielded
qualitatively similar results. Details are available in Bedi and
Gaston (1997).
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Table 1
Descriptive statistics
Variable

Label

Mean

LOGEARN (Y)
SCHOOL (S)
AGE
URBAN
SOUTH
SWEST
NORTH
NWEST
NEAST
WEST
CENTRAL
SCHHEAD
SCHSPSE
SCHOOL AVAILABILITY
(SA)

Log of monthly earnings in lempiras
Years of schooling
Age
Dummy, San Pedro Sula or Tegucigalpa ⫽ 1
Dummy, Resides in the South ⫽ 1
Dummy, Resides in the Southwest ⫽ 1
Dummy, Resides in the North ⫽ 1
Dummy, Resides in the Northwest ⫽ 1
Dummy, Resides in the Northeast ⫽ 1
Dummy, Resides in the West ⫽ 1
Dummy, Resides in the Central region ⫽ 1
Years of schooling of household head
Years of schooling of spouse of household head
Primary school teachers per 1000 population

5.22
4.74
24.50
0.34
0.08
0.08
0.06
0.32
0.06
0.09
0.29
2.47
1.27
4.01

Std. Dev.
0.81
3.55
7.98
0.47
0.27
0.27
0.25
0.46
0.24
0.28
0.45
3.25
3.25
0.44

Notes: Observations ⫽ 2014. The population data were obtained from various issues of Economic Survey of Latin America and the
Caribbean, United Nations, Santiago, Chile, and Economic and Social Progress in Latin America, Inter-American Development Bank,
Washington D.C. Data for SA are from several issues of the UNESCO Year Book of Education.
Table 2
Earnings and schooling equations
Variable

Intercept
S
SA
AGE
AGE2*100
URBAN
SOUTH
SWEST
NWEST
NORTH
NEAST
WEST
SCHHEAD
SCHSPSE
F
R2

(1)
Earnings
OLS
4.021
0.061
–
0.041
⫺0.051
0.400
⫺0.297
⫺0.219
⫺0.029
0.132
0.119
0.051
0.025
0.020

(2)
Schooling
Reduced form
(0.144)
(0.005)
(0.009)
(0.014)
(0.037)
(0.063)
(0.063)
(0.039)
(0.068)
(0.069)
(0.061)
(0.005)
(0.006)

74.84
0.309

⫺1.851
–
0.754
0.147
⫺0.230
1.476
⫺0.766
⫺0.191
⫺0.141
0.095
⫺0.090
⫺1.287
0.328
0.167
73.61
0.306

(1.041)
(0.234)
(0.043)
(0.074)
(0.161)
(0.273)
(0.693)
(0.824)
(0.321)
(0.298)
(0.264)
(0.023)
(0.028)

(3)
Earnings
IV
3.931
0.169
–
0.020
⫺0.013
0.236
⫺0.215
⫺0.195
⫺0.013
0.121
0.126
0.193
⫺0.011
0.002

(0.160)
(0.073)
(0.017)
(0.029)
(0.117)
(0.085)
(0.067)
(0.032)
(0.070)
(0.071)
(0.114)
(0.025)
(0.014)

59.62
0.263

Notes: sample size ⫽ 2014. Standard errors in parentheses.

have introduced an additional source of endogeneity.)
Compared with the 17.2 percent return reported in Psacharopoulos and Ng (1992) our estimates seem very low.
However, the apparently low OLS returns are readily
explained by differences in the specifications and sample
used. Psacharopoulos and Ng use 1989 data, limit their
attention to an urban sample, use an extremely parsi-

monious specification and use the sum of wage income
and self-employment income as the earnings variable. In
fact, using a model specification and sample restrictions
as similar as possible to Psacharopoulos and Ng, we find
educational returns of around 14 percent.
The positive and statistically significant effect of the
parental education variables on earnings is consistent
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with estimates from studies on other Latin American
countries (e.g., Heckman and Hotz, 1986). To the extent
that parental education is correlated with inherited
ability, we find that inclusion of parental education lowers educational returns from 7.3 percent (reported in
Table 3) to 6.1 percent. This suggests that in the absence
of controls for ability, OLS estimates will suffer from an
upward bias.
Estimates of Eq. (2) appear in column 2 of Table 2.
As expected, living in a major city, the schooling of the
household head and the spouse of the household head are
positively related to educational attainment. Of primary
interest is the sign and the magnitude of the coefficient
on SA. The coefficient is statistically significant and has
the anticipated positive sign. The size of the coefficient is
also noteworthy — growing up during periods of greater
schooling availability is associated with higher educational attainment. An increase in schooling availability
from say, three teachers to four teachers per capita
increases educational attainment by about three-quarters
of a year.
The IV estimates of the earnings function appear in
column 3 of Table 2. The estimate of the return to education is 16.9 percent. This is more than two and a half
times the corresponding OLS estimate. This implies that
there is a negative correlation between the errors in the
earnings equation and the schooling equation. Interestingly, the size and sign of the bias in OLS estimates are
consistent with the recent developed country literature.
For example, using data from the United Kingdom and
a similar methodology to that employed here, Harmon
and Walker (1995) report estimates that are 9 percentage
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points higher than OLS estimates (their estimates jump
from 6.1 percent to 15.2 percent). Increases in magnitude
of between 50 to 60 percent are also reported in papers
relying on data from the United States (see Card, 1995).
3.2. Alternative model specifications
Table 3 presents a summary of the schooling rate of
return estimates for alternative model specifications that
were estimated to investigate the sensitivity of our
results. Row 1 presents OLS and IV estimates from the
baseline specification reported in Table 2. These rate of
return estimates are best interpreted as estimates for a
randomly-selected individual. Rows 2, 3, and 4 display
selectivity-bias corrected estimates based on different
assumptions about observed years of schooling. That is,
these rate of return estimates are for individuals given
their observed schooling choices. Appendix A provides
details of the estimation procedures.
Row 2 of Table 3 provides the selectivity bias corrected estimates assuming schooling to be a continuous
choice variable (e.g., Garen, 1984). Estimates assuming
that the years of schooling variable is censored are provided in the next two rows. Since a substantial proportion of the sample have no years of formal schooling,
a Tobit model may be more appropriate for estimating
Eq. (2). Row 3 indicates that the estimate based on this
approach is lower than the baseline estimate but still
twice as high as the OLS estimate. Row 4 presents estimates using an ordered probit model to estimate the
schooling equation as in Harmon and Walker (1995).

Table 3
Impact of alternative specifications on educational returns
OLS
1. Baseline specification
Alternative schooling models
2. Selectivity model — continuous schoolinga
3. Tobit model for schoolinga
4. Ordered probit model for schoolinga,b
Alternative earnings models
5. Exclude schooling of household head and spouse
6. Include industrial sector dummiesc
7. Include occupational dummiesd
8. Urban sample onlye

IV

0.061 (0.005)

0.169 (0.073)

0.061 (0.005)
0.061 (0.005)
0.061 (0.005)

0.169 (0.071)
0.124 (0.026)
0.106 (0.012)

0.073
0.056
0.052
0.064

0.147
0.157
0.158
0.188

(0.004)
(0.005)
(0.005)
(0.005)

(0.012)
(0.072)
(0.072)
(0.114)

Notes: N ⫽ 2014. Standard errors in parentheses. The reported estimates are the coefficients on schooling in the OLS and the IV
model. Earnings and schooling equations included variables that appear in Table 2, except where indicated.
a
See Appendix A for details.
b
The dependent variable consists of five categories for years of schooling: 0 years, 2 or 3 years, 4 or 5 years, 6 years, and more than
6 years.
c
The sectors are manufacturing, service, construction, utilities, and agriculture.
d
The occupational groups are professional, agricultural, skilled, unskilled, and other.
e
Sample size ⫽ 948.
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Table 4
Further specification tests
Schooling
1. OLS estimate
2. IV estimate
3. Reduced form earnings
4. SA in the earnings equation
5. Using SA — household head has no education interaction in
schooling equation
6. Using SA — family education interactions in schooling equationa

SA

0.061 (0.005)
0.169 (0.073)
–
0.060 (0.005)
0.152 (0.093)

–
–
0.128 (0.055)
0.082 (0.054)
0.013 (0.089)

0.198 (0.234)

⫺0.022 (0.185)

Notes: N ⫽ 2014. Standard errors in parentheses. The reported estimates are the coefficients on SA and SCHOOL in the earnings
equation. Models included age, age-squared, dummies for living in a city, region of country, schooling of household head and spouse
of household head.
a
Interactions of SA and schooling of household head (SCHHEAD) and schooling of spouse of household head (SCHSPSE).

Again, although lower than the baseline estimate it is
still significantly higher than the OLS estimate.
Rows 5, 6, and 7 present alternative specifications of
Eq. (1) that respectively, exclude information on schooling of household head and spouse of household head,
include industrial sector dummies, and include occupational categories.7 The results for these models also
confirm the conclusions reached above. Finally, out of
concern for the stark rural/urban differences in a country
such as Honduras, we estimate Eqs. (1) and (2) on a
geographically more homogeneous sample, i.e., those
living in the two major cities of Tegucigalpa and San
Pedro Sula. The gap between the OLS and IV estimates
for this sample is similar to earlier estimates.8 Overall,
the ratios of the IV and OLS point estimates for rows 5
through 8, lie between 2.0 and 3.0.
3.3. Is school availability a valid instrument?
For our measure of school availability to be a valid
instrument for years of schooling, SA must influence
educational decisions but be uncorrelated with the unobserved factors influencing earnings. However, if the
increase in school availability is viewed as an increase
in school quality, exclusion of SA from the earnings equation may be inappropriate (see Card and Krueger,
1996). Individuals who were educated during a time period in which school quality was higher may have higher
earnings than those educated in a time of lower school
quality.
Table 4 presents results of some additional specifi-

7

Some authors have argued that occupation is endogenous
and should be excluded from earnings regressions (e.g., Knight
and Sabot, 1981).
8
Although imprecise, estimates using the non-urban sample
yield similar increases in education returns: OLS, 0.049
(standard error 0.009) and IV, 0.154 (standard error 0.151).

cations designed to examine the effect of excluding SA
from the earnings equation. Rows 1 and 2 display the
OLS and IV rate of return estimates reported in Table
2. Row 3 displays the estimates from the reduced form
earnings equation and row 4 a model specification with
SA added to Eq. (1). In the latter case, the estimated
coefficient on schooling is virtually identical to the baseline OLS estimate and there is a statistically insignificant
coefficient sign on SA, suggesting that it is not an omitted variable in the earnings equation.
The increasing availability of schooling is expected to
lower the cost of schooling for all households. However,
the lower costs of schooling may have a greater impact
on children from low income households or those that
lack sufficient funds necessary to finance their education.
This suggests an alternative set of instruments for
schooling. In an attempt to capture low income households we followed Card (1993) and included SA in the
earnings function and created an additional variable by
interacting SA with a dummy for head of household having no education. Results from this specification are displayed in row 5. The educational return estimates are
similar to our baseline estimate, but not very precise.
The point estimate of the effect of SA on earnings is
statistically insignificant.
Classification of households into two categories on the
basis of the educational attainment of the household head
may be arbitrary. Accordingly, we included SA in the
earnings function and used SA and interactions of SA
with SCHHEAD and SCHSPSE as instruments. The
results appear in row 6. The educational return estimate
is higher than our baseline estimate but statistically insignificant, which suggests that the interaction terms are
poor instruments. However, the impact of SA on earnings is now negative and insignificant. Although IV estimates of educational returns based on these interaction
variables are not precise, once again, the direct effect of
SA on earnings is statistically insignificant.
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Finally, we conduct additional tests suggested by
Bound et al. (1995) to check the performance of our
instrument. The quality of the instrument can be gauged
by two indicators: (i) an F-test on excluding the instruments from the reduced form schooling equation should
be rejected and (ii) the inclusion of the instrument should
increase the adjusted R2 of the reduced form schooling
equation. The F-test for excluding our instrument
recorded a p-value of 0.0013, indicating its high statistical significance. Further, the addition of SA to the
schooling equation raised the adjusted R2 by 0.0033.9
These results indicate that the SA instrument performs
well. Together, the results summarised in Table 4 and
these tests suggest that the inclusion of SA as an exogenous determinant of schooling attainment and the
exclusion of SA from the earnings equation are not
unreasonable.

4. Discussion and conclusion
The results in this paper suggest that ignoring the
endogeneity of education leads to a substantial understatement of the returns to education. We examined the
endogeneity issue in the education–earnings relationship
by instrumenting years of schooling with a measure of
schooling availability at the time individuals commenced
their schooling (SA). Using recently collected household
survey data for Honduran males, we found that accounting for the endogeneity of schooling decisions leads to
educational returns that are two to three times higher
than OLS estimates of returns to education.
The estimates of returns to education were robust to
several changes in specification. Further, we used interactions between SA and family education as instruments
in earnings models that included the SA variable. The
results of these specifications did not provide any evidence that would lead us to reject the use of SA as an
exogenous determinant of schooling.
Although the results presented in this paper are similar
to work that relies on including a “selectivity-correction”
term in the earnings equation, we found the current
approach more convincing. For example, Bedi and Gaston (1997) relied on excluding family background variables from the earnings equation to achieve identification. Imposing exclusion restrictions of this sort seems
inappropriate. The use of exogenous variation in schooling availability freed us from imposing potentially inappropriate restrictions and allowed us to delve deeper into
the underlying reasons for the higher rate of return estimates.
A possible explanation for the higher rate of return

estimates is that OLS estimates are downward-biased
due to measurement error in the schooling variable.
However, it is unlikely that the large gap between the
OLS and IV estimates can be explained solely by
measurement error. A theoretical explanation for the
higher IV estimates is “discount rate bias” (see Card,
1993). The IV estimate of educational returns is simply
the ratio of the differences in average wages and average
education (controlling for other variables) between individuals affected by a particular schooling intervention
and those unaffected by the intervention.10 A schooling
intervention may take the form of changes in the minimum school leaving age, the location of a school in a
certain geographic area, or changes in the availability of
schooling. The IV estimates depend on the marginal
return to schooling for the group that is most affected by
the increase in the availability of schooling. If changes in
schooling availability affect a group with a sufficiently
high marginal return to schooling, then the IV estimate
will exceed the conventional OLS estimate. If the
increase in the availability of schooling induces individuals with a low propensity for education to increase their
schooling, the estimated return to education will reflect
the marginal returns for the low-education group. This
marginal return might be higher than the average return
to schooling for the population as a whole if people with
low education have high discount rates and limited
access to funds to finance education, rather than low
ability. This explanation is contrary to the more conventional view that individuals with less schooling have
lower ability and low returns to schooling. On the other
hand, if changes in school availability induce individuals
in the high-education group to acquire even more education, then the associated return will reflect the marginal
return to schooling for the high education group. If
schooling decisions are largely influenced by comparative advantages and differences in ability then individuals acquiring more education will have higher returns
to education than those with fewer years of education.
Thus, IV estimates based on the marginal returns to
schooling for the high education group could also exceed
the average return to schooling for the population as a
whole.
Clues on the mechanism underlying the increase are
provided by the pattern of signs on the interaction of SA
with the education of the head of the household in the
schooling attainment equation. The sign on the interaction term is negative and significant, implying that the
coefficient on SA is smaller for individuals from “poor”

10

9

The partial regression of school on SA (controlling for all
other variables) yielded a partial adjusted R2 of 0.0046.
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Note that the IV estimate of educational returns is simply
the ratio of the reduced form coefficients on SA in the earnings
and schooling equations (i.e., using the estimates from Tables
2 and 4, we have 0.169 ⫽ 0128/0.754).
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family backgrounds.11 As argued by Willis and Rosen
(1979) family background may be considered a reasonable proxy for discount rates. This interpretation suggests
that the increase in school availability has a smaller
impact on educational attainment for individuals with
higher discount rates (i.e., those from poor family
backgrounds) compared with those from “better” family
backgrounds. Thus, it appears that the higher IV estimates are driven by higher marginal returns among the
more educated. This in turn, at least for our sample, suggests that individual heterogeneity and comparative
advantage were more important than differences in discount rates and schooling opportunities in shaping educational outcomes.
A reason for the higher marginal returns among the
more highly-educated may lie in the economic changes
taking place in Honduras during this time period. The
advent of democracy in 1980 was accompanied by rapid
economic changes and a policy of trade liberalisation.
These structural reforms may have increased the demand
for skilled workers and caused an increase in the educational return for the more highly educated. Recent
work on diverse economic environments emphasises the
link between increasing educational returns for the more
highly-educated during periods of rapid economic and
technical change. For example, Rutkowski (1996) found
that, for Poland, the increase in educational returns after
1990 accrued largely to the more educated. Similarly,
Foster and Rosenzweig (1996) have shown that the
increase in human capital returns in areas affected by the
Green Revolution in India, a period of rapid technical
change, was also concentrated among the more educated.
A better understanding of the process of educational
determination and the impact of economic changes will
certainly enhance our understanding of the factors underlying the increase in IV estimates of the returns to education. However, regardless of the underlying mechanism, our paper highlighted the importance of
accounting for the endogenous nature of the schooling
decision when attempting to obtain reliable estimates of
educational rates of return. This is especially important
for developing countries where the increasing scarcity of
public funds and the tightening of foreign aid have
increased the need for an accurate evaluation of educational priorities.
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Appendix A
Consider the following model
Yi ⫽ ␤⬘xXi ⫹ ␤sSi ⫹ ⑀i

(A1)

S ⫽ ␦ Z ⫹ i ,
*
i

⬘
z i

(A2)
*
i

where all notation is as defined in the text and S is a
latent variable underlying educational attainment.
Observed and latent years of schooling are linked by a
“censoring function” h, i.e., Si ⫽ h(S *i ) (see Vella, 1993).
In addition, the p ⫻ 1 vector Zi is related to the q ⫻ 1
vector Xi through the identity
Xi ⫽ J⬘Zi,

(A3)

where J is a matrix consisting of zeros and ones, which
selects a subset of Zi. The parameters of Eq. A(1) cannot
be estimated without some additional assumptions.
These are
(a) (i兩Zi) 苲 N(0,1).
(b) (⑀i兩i,Zi) 苲 N(0,1).
Hence, conditional on Zi,

冉 冊 冉冋 册 冋 册冊
⑀i

i

苲N

0
0

,

1 

 1

.

(c) rank (␦z J) ⫽ q ⫹ 1
Assumption (c) is the familiar rank condition for identifying the parameters of a structural equation with an
endogenous variable and is satisfied when Zi includes at
least one variable excluded from Xi. Assumption (b)
places our model in the framework of simultaneous equation models with a latent structure (e.g., Heckman,
1978; Vella, 1993).
We consider two alternative estimation methods.
Method 1: Assume that schooling is observed and take
expectations of Eq. A(1) conditional on Zi (and hence,
on Xi)
E(Yi兩Zi) ⫽ ␤⬘xXi ⫹ ␤sE(Si兩Zi) ⫹ E(⑀i兩Zi).
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Specifically, we interact SA with a dummy for the household head having zero years of education. This yielded an estimated coefficient on SA of 0.783 (standard error ⫽ 0.234) and
an estimated coefficient on the interaction term of ⫺ 0.117
(standard error ⫽ 0.046).

(A4)

First, note that a consistent estimate of ␦z can be obtained
from Eq. A(2), i.e., a consistent predictor is Ŝi ⫽ ␦ˆ z⬘Zi.
Secondly, since E(⑀i兩Zi) ⫽ 0, consistent estimates of ␤s
can be obtained by replacing E(Si兩Zi) by Ŝi. Estimates
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using Method 1 are referred to as IV estimates in this
paper. Of course, when S *i is observed this is equivalent
to two-stage least squares estimation (e.g., Angrist and
Krueger, 1991).
Method 2: Take expectations of Eq. A(1) and Eq. A(2)
conditional on Zi and Si:
E(Yi兩Zi,Si) ⫽ ␤⬘xXi ⫹ ␤sSi ⫹ E(⑀i兩Zi,Si)

(A5)

E(S 兩Zi,Si) ⫽ ␦ Z ⫹ E(i兩Zi,Si).

(A6)

⬘
z i

*
i

The procedure used to obtain consistent estimates of ␤s
depends on the form of censoring:
(i) S *i is uncensored (e.g., Garen, 1984; Gaston and
Tenjo, 1992), then
E(i兩Zi,Si) ⫽ Si ⫺ ␦ˆ ⬘zZi ⫽ ˆ i.

(A7)

From (b), note that E(⑀i兩Zi,Si) ⫽ E(i兩Zi,Si), so that
E(Yi兩Zi,Si) ⫽ ␤⬘xXi ⫹ ␤sSi ⫹ ˆ i.

(A8)

Hence, using the estimated OLS residual, ˆ i, as an
additional regressor in Eq. A(1) will provide consistent
estimates of ␤s (and ␤x). Also, note that  ⫽ ⑀/.
(ii) Tobit censoring (e.g., Bedi and Gaston, 1997), i.e.,
Si ⫽

再

S *i , if S *i > 0
0, otherwise

Then
E(i兩Zi,Si) ⫽ ⫺ ˆ (1 ⫺ Ii)ˆ (a)(1 ⫺ ⌽̂(a))−1

(A9)

⫹ Iiˆ i,
where ˆ and ⌽̂ are the p.d.f. and the c.d.f. of the normal
distribution evaluated at a ⫽ ␦ˆ z⬘Zi/ˆ  (␦ˆ z and ˆ  are
the maximum likelihood estimates of ␦z and ). Ii is
an indicator function that equals 1 if Si is uncensored
and zero otherwise. Eq. A(9) is the conditional error term
or “generalised residual” for each i (see Gourieroux et
al., 1987). Similarly to (i), including the generalised
residual as a regressor in Eq. A(1) provides a consistent
estimate of ␤s.
(iii) Years of education as a discrete ordered variable
(e.g., Harmon and Walker, 1995; Vella and Gregory,
1996), i.e.,

Si ⫽

冦

0,

if S *i ⬍ 0

1,

if 0 ⱕ S *i ⬍ 1

....
n ⫺ 1,

if n ⫺ 2 ⱕ S *i

where n ⫽ 0,1,2,.... Now create n dummy variables as
follows
Dni ⫽

再

1, if Dni ⫽ n
0, otherwise

Then the generalised residual is

−1
E(i兩Zi,Dni) ⫽ Dniˆ ni⌸̂−1
ni (1 ⫺ ⌸̂ni) (Dni ⫺ ⌸̂ni),
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(A10)

where ⌸̂ni is the estimated probability that individual i
is in category n, while ˆ ni is the estimated value of the
density at that point (see Vella, 1993). When schooling
is dichotomous (e.g., high school or more than high
school as in Willis and Rosen, 1979), then Eq. A(10)
simplifies to the familiar “inverse Mills ratio”.
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