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Abstract

Three Essays on Labor and Government Policy in Developing Countries

Joshua D Merfeld

Doctor of Philosophy in Public Policy and Management

Chair of the Supervisory Committee:
C. Leigh Anderson

Evans School of Public Policy and Governance

In this dissertation, I examine household labor allocation in two developing countries: India
and Malawi. I focus on the interaction between government policies and household labor
allocation decisions. The first and second papers look at labor allocation and an Indian
government program, while the first and third papers explore labor allocation to non-farm
self-employment. In the first paper, I analyze the effects of an increase in the rural wage
in India — induced by the government’s Mahatma Gandhi National Rural Employment
Guarantee Scheme (NREGS) — on non-farm self-employment. Households significantly
decrease labor allocation to non-farm self-employment following implementation of the
program. Moreover, this effect is higher in areas with higher rainfall variation, which I
use as a proxy for agricultural production risk. Taken together, these findings support the
view that many non-farm enterprises are subsistence enterprises, started due to a lack of
remunerative labor opportunities and to diversify production risk. In the second paper, I
continue analyzing the effects of NREGS. Using a unique dataset with GPS location data, I

show that the wage effects of the program are spatially heterogeneous. The wage effects are
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largest on the interior of treated districts, far from untreated areas. In contrast, areas on the
border between treated and untreated areas see no wage increase at all. Estimates suggest
labor is mobile on a daily basis in a radius of around 15 to 20 kilometers. In the third paper,
coauthor Peter Brummund and I study labor allocation across agricultural and non-farm
production in Malawian households. Economic theory suggests that households should
equate the marginal revenue product of labor (MRPL) across productive activities within
the household. We test this assumption by estimating production functions for agricultural
and non-farm production. We show that MRPL in agricultural production is significantly
higher than MRPL in non-farm production. Moreover, consistent with a large body of liter-
ature on the sectoral productivity gap, we show that the average product of labor is higher
in non-farm production. These results suggest a rethinking of how we measure the sectoral

productivity gap may be warranted.
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Chapter 1

Introduction

Rural households in developing countries have access to very few productive resources.
Farmers lack easy access to many modern inputs, including fertilizers, draught animals,
and machinery. In this context, labor is one of these households’ most productive assets.
As such, understanding how and why these households allocate their labor the way they
do is imperative to developing new and improving existing development policy. In this
dissertation, I examine household labor allocation in two developing countries: India and
Malawi. I focus on the interaction between government policies and household labor al-
location; the first two essays explicitly evaluate the effects of an Indian government active
labor market program while the third essay informs a current policy debate surrounding
structural transformation and development policy. Additionally, the first and third essays
build on this structural transformation theme, focusing on labor allocation to the non-farm
sector by way of non-farm self-employment.

In the first essay of this dissertation, I explore how and why households allocate labor
to non-farm self-employment. The classical economic development literature argues that

growth is accompanied by workers moving out of the agricultural sector and into the more

“modern” industrial sector (Lewis, 1954; Kuznets, 1957; Ranis and Fei, 1961). While

1
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large proportions of the labor force remain tied to their lands, recent evidence suggests
the non-farm sector is growing in many developing countries (Lanjouw and Shariff, 2004;
Lanjouw and Murgai, 2009). Does this recent growth spurt in the rural non-farm sector —
and non-farm self-employment, in particular — represent a turning point, a growing non-
agricultural sector that can drive further transformations in the rural economy (Matsuyama,
1992; Tiffin and Irz, 2006)? Or, instead, is this growth evidence of increasing stress in
rural labor markets, as individuals flock to the non-farm sector as a means of subsistence
(Barrett et al., 2001; Lanjouw and Lanjouw, 2001; Kijima and Lanjouw, 2005; Lanjouw

and Murgai, 2009; Binswanger, 2012)?

I first make a simple observation regarding the reactions of different types of enterprises:
households and individuals that enter into non-farm self-employment for subsistence rea-
sons are more likely to exit the sector when wages increase or when less risky employ-
ment opportunities become available. In other words, the labor elasticity of non-farm
self-employment with respect to the market wage should be much higher for subsistence
enterprises than other firms. Households that enter non-farm self-employment for profit-
making reasons, on the other hand, are less likely to exit the sector with small wage in-
creases. To help tease out these two competing narratives, I explore the effects of India’s
Mahatma Gandhi National Rural Employment Guarantee Scheme (NREGS). NREGS was
the world’s largest workfare program at the time of its implementation in 2006 and in-
creased rural wages significantly, by around five percent (Azam, 2011; Imbert and Papp,
2015). In addition, the program has helped households cope with shocks and diversify into
riskier activities (Gehrke, 2014; Zimmermann, 2015). These findings suggest the program

may plausibly lead to the exit of many subsistence enterprises.

Using a differences-in-differences strategy, I first show that the program has a significant

effect on non-farm self-employment for prime-age adults. NREGS decreases the proba-
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bility an individual engages in any non-farm self-employment during the last week by 1.5
percentage points, a more than 10 percent decrease relative to the pre-program mean. In
addition, the program decreases days in non-farm self-employment in the last week by 3.0
percent. I then show that the program’s effects are concentrated in the dry season, consistent
with prior evidence of the program’s wage impacts (Imbert and Papp, 2015) and with the
de facto seasonal implementation of the program (Lakha and Taneja, 2009; Sharma, 2009a;
Sukhtankar, 2016). Consistent with implementation being concentrated in the dry season,
there is an insignificant change in days of non-farm self-employment in the rainy season but
a large and statistically significant effect in the dry season: NREGS decreases days of non-
farm self-employment by 4.4 percent. A back-of-the-envelope calculation suggests a labor
supply elasticity of 0.94, which is three times as large as estimates of overall labor elasticity
in India (Evenson and Binswanger, 1980; Muralidharan et al., 2017), including estimates
calculated using the same data and program as this paper (Imbert and Papp, 2015). This ev-
idence is consistent with non-farm self-employment playing a significant subsistence role
during the dry season. Further analyses suggest households in riskier agricultural areas are
more likely to reallocate labor in response to the program, evidence again consistent with

non-farm self-employment playing a subsistence and risk-coping role.

In the second, paper I continue exploring the effects of NREGS. Much of the previous
literature examining the effects of NREGS focused on labor market outcomes at the district
level (Azam, 2011; Zimmermann, 2012; Berg et al., 2014; Imbert and Papp, 2015). This
level of focus is attractive for two reasons. First, the program was rolled out at the district
level, making analysis at this level only natural. Second, given low levels of rural-to-
rural migration in India (Rosenzweig, 1988; Behrman, 1999; Anant et al., 2006; Munshi
and Rosenzweig, 2009), districts are often considered to be relatively distinct labor markets
and have been the focus of previous non-NREGS studies, as well Rosenzweig (1978, 1984);

Jayachandran (2006); Topalova (2010); Shah and Steinberg (2017). In the second essay, I

3
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show that a district-level focus obscures substantial heterogeneity, with important policy

implications.

I use the Additional Rural Incomes Survey/Rural Economic Demographic Survey (ARIS/REDS),
collected by the National Council of Applied Economics Research, to show that wage
changes due to the program are spatially heterogeneous. The first wave of the survey was
collected prior to the implementation of NREGS and the second wave was collected be-
tween the second and third phases on the rollout. Importantly, unlike other datasets, I am
able to identify the location of each village in the survey using GPS data. For each district,

I construct two geospatial variables: whether phase one or phase two districts (“treated”
districts) share a border with phase three districts (“untreated” districts), and vice versa;
and how long that border is. For districts that border a district of the opposite treatment sta-
tus (“border districts™), I construct a variable for surveyed villages equal to their distance

to the nearest district of the opposite treatment status.

I estimate the effects of NREGS by slowly restricting estimation to villages closer and
closer to the border. While there are large estimated effects on casual wages when all
households are included in the estimation, the estimated effect starts to attenuate around 15
kilometers from the border between a treated and untreated district and the estimated effect
completely disappears when looking only at households located within six kilometers of
the border. In addition, this attenuation begins earlier and is stronger for male wages than
for female wages, consistent with a model in which women face higher travel costs — which
may not be strictly monetary — than men. I then further explore whether this heterogeneity
is due to failure of the identification assumption of parallel pre-program trends, differences
in NREGS implementation, or spillovers. It is difficult to explicitly test the parallel trends
assumption given the lack of data. Nonetheless, an analysis of aggregated district-level data

using the National Sample Survey shows that treated districts that share a larger portion of

4
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their border with untreated districts see a smaller estimated increase in the wage than treated
districts that share a smaller portion of their border with treated districts, a finding which
supports results using the ARIS/REDS. Moreover, while this effect is seen using the pre-
and post-program data, there is no such effect when using two pre-program waves, which
supports the assumption of parallel trends in treated and untreated districts, at least with

regards to spatial heterogeneity.

I find insignificant — though somewhat large and imprecisely estimated — overall effects
of the program on private-sector employment. The finding is consistent with other studies
that have found evidence NREGS crowds out some types of private employment (Zim-
mermann, 2012; Imbert and Papp, 2015). However, this finding again masks substantial
heterogeneity: the effects on private employment appear to mirror the effects on wages,
with interior areas seeing decreases in private employment relative to border areas. Simi-
larly, the effects of the program on household per capita income again appear to be highly
spatially heterogeneous: estimated increases in household income towards the interior of
treated districts almost completely disappear at the border, consistent with the argument
that labor market spillovers are biasing the estimated effects of the program. While most
previous research on the effects of NREGS on consumption or income (Liu and Deininger,
2010; Jha et al., 2011; Ravi and Engler, 2015) necessarily calculates the total effects of the
program — that is, the net effect of both access to employment and an increase in the prevail-
ing wage rate — I am able to disentangle these effects. Using the fact that estimated effects
on wages are unchanged at the border, I assume that any effects on income at the border are
due to access to program employment — not a wage increase — while effects in the interior
of treated districts are due to both. While imprecision prevents me from calculating the
exact percent of the consumption increase that is due to the wage increase, results suggest
it is substantial. This estimate supports recent experimental estimates that the majority of

program effects operate through wage increases (Muralidharan et al., 2016b).

5
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The third paper returns to the theme of non-farm self-employment, this time focusing
on household labor allocation across production activities. It is commonly assumed that
agriculture’s share of GDP decreases as a country develops (Lewis, 1954; Ranis and Fei,
1961). This relationship holds both in the cross-section, with relatively more developed
countries deriving a smaller percentage of GDP from agricultural sources (Chenery et al.,
1975; Gollin et al., 2014), and within countries, where the non-farm sector tends to be
more productive — as measured by the average product of labor — than the agricultural sec-
tor (Gollin et al., 2014; McCullough, 2017; Young, 2013). However, these findings do not
suggest a reallocation of labor is necessarily warranted, since a reallocation of labor and
its effect on income relate to the marginal product, not the average product. There are
many reasons to suggest conclusions using the average product may differ. A large body
of research shows that agricultural households diversify into non-farm self-employment
for a number of reasons, including production shocks, household shocks, agricultural sea-
sonality, and missing markets (Barrett et al., 2001; Haggblade et al., 2010; Lanjouw and
Lanjouw, 2001; Nagler and Naudé¢, 2014). In addition, diversification seems to be the norm,
not the exception (Davis et al., 2017). Under these scenarios, households may be moving
into the non-farm sector due to a lack of more remunerative options and a desire to mitigate
risk, which may actually lead to a lower marginal product of labor in non-farm production.
In this paper, we show that using the marginal product as opposed to the average product

leads to substantially different conclusions.

To test the assumption of equality of the marginal revenue products of labor across house-
hold activities, we use three waves of the Malawi Integrated Household Survey (IHS).
We examine whether the marginal product of labor is equal across agricultural and non-
agricultural production within a household. To the best of our knowledge, this is the first
paper to implement such a test. We control for unobservable household characteristics us-

ing household fixed effects. We estimate a number of specifications, including: separate

6
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production functions for plots and non-farm enterprises; a pooled production function; and
a collapsed production function. Importantly, we first show that the average product of
labor is consistently higher in non-farm production than agricultural production. That is,
there is nothing unusual about our Malawian subsample relative to the previous literature.
However, in contrast to the conclusions drawn by prior work, we consistently find agricul-
tural MRPL to be higher than non-farm MRPL,; in our preferred specification, agricultural
MRPL is four times higher than non-farm MRPL. We show that this difference does not
appear to be driven by temporal variation in labor allocation; the estimated difference is
consistent when we split the sample into high non-farm labor months and low non-farm

labor months.

We then show that focusing on a single statistic obscures substantial heterogeneity. Fo-
cusing on the MRPL estimates at the household/wave level, we show that a number of
production characteristics significantly predict deviations from MRPL equality. We find
evidence that price risk plays an important role in household labor allocation. In particular,
deviations from equality are much higher for plots planted with tobacco and cotton, two
pure cash crops, than for plots planted with maize, a common subsistence crop in Malawi.
Interestingly, households that hire for agricultural production have much higher deviations
from equality (with agricultural MRPL being higher than non-farm MRPL) than house-
holds that do not hire for agricultural productions. However, this relationship is reversed
for households that hire for non-farm production. These differences by household type
are driven completely by those households that reported hiring, suggesting that households
buying labor on the market make substantially different labor allocation decisions than

subsistence households.

We also split the sample by output, acreage, and crop sales. For all three variables, house-

holds above the median value show substantially larger MRPL deviations than households

7
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below the median: for output, we are unable to reject the null hypothesis of MRPL equality
for households with below median total output, while the MRPL difference is around twice
as large for the upper half of the distribution (relative to the lower half) of both acreage
and crop sales. Insofar as these variables are proxies for market access, this evidence is

consistent with price risk (Barrett, 1996).

Consistent with production risk, we also find evidence that rainfall variability is associ-
ated with higher agricultural MRPL and suggestive evidence that it is also associated with
deviations from equality. We only have rainfall variables for the first and second waves;
higher rainfall variation (as proxied by the rainfall coefficient of variation, CV) is positively
correlated with deviations from equality in these two waves. Moreover, when we assign
wave two CV values to wave three households, we find similar deviations, though substan-
tial measurement error hinders our ability to make any inferences. Overall, these results
reinforce the commonly held belief that agriculture is risky and decreasing that risk might

allow some farmers to increase expected incomes.

This dissertation contributes to three broad bodies of literature. First, this dissertation
informs the literature on risk and household production in developing countries. A large
body of literature examines the effects of risk on household decisions in developing coun-
tries, including two types of decisions particularly germane to the current paper: produc-
tion and labor allocation (Morduch, 1995; Karlan et al., 2014; Mobarak and Rosenzweig,
2014; Heltberg et al., 2015; Emerick et al., 2016; Cole et al., 2017). Risk often induces
households to diversify into less risky activities, which both the first and third papers in
this dissertation confirm. The first paper shows households in rural India make a simi-
lar choice with respect to non-farm self-employment and that a significant proportion of
households completely substitute out of non-farm self-employment when other options for

risk management arise. The third paper leads to a similar conclusion; households in ru-
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ral Malawi also appear to use non-farm production as a risk-diversification strategy, as
the median household overallocates labor to non-farm production. The use of non-farm
self-employment as a risk-mitigation and coping strategy is a finding echoed in previous
research (Reardon, 1997; Barrett et al., 2001; Lanjouw and Lanjouw, 2001; Kijima and
Lanjouw, 2005). This result suggests that market failures in developing countries — in
this case, the lack of credit and/or insurance markets — tie the hands of many households,

inducing them to make decisions that reduce risk but also decrease incomes.

Second, this dissertation contributes to the large literature on the labor-market impacts of
NREGS, as well as government labor policies more broadly. Much of the NREGS literature
finds that the program increased prevailing wages in rural areas (Azam, 2011; Imbert and
Papp, 2015; Deininger et al., 2016). The first essay in this dissertation adds to the NREGS
literature by documenting effects on one type of labor — non-farm self-employment — and by
showing that these effects appear to be driven by the general equilibrium wage increase and
risk reduction effects of the program, not by direct program employment. This finding also
supports other research that finds a substantial reallocation of labor following implementa-
tion of the program (Islam and Sivasankaran, 2014; Shah and Steinberg, 2015). In addition,
the current results suggest the program plays an important role in helping households man-
age and cope with production risks, which complements similar findings in the literature
(Gehrke, 2014; Zimmermann, 2015). The second paper, on the other hand, speaks to the
labor market spillovers induced by the program, adding to the literature on spillovers of
public policy in developing countries (Duflo, 2000; Miguel and Kremer, 2004; Angelucci
and De Giorgi, 2009; Cunha et al., 2011). In particular, this study reinforces the impor-
tance of capturing general equilibrium effects when evaluating large public programs and
that failure to do so may result in biased estimates of the program’s impact (Muralidharan
et al., 2016b). Overall, the first and second papers explore important general equilibrium

effects of NREGS. Insofar as general equilibrium effects are responsible for much of the
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household-level responses to the program, this may be a partial explanation for the lack of
effects found in smaller evaluations of similar programs (Gilligan et al., 2009; Subbarao

et al., 2013; Beegle et al., 2017).

Finally, the conclusions of the third essay, especially, are salient to the literature exam-
ining the “productivity gap” between the non-farm and agricultural sectors in developing
countries (Gollin et al., 2014; McCullough, 2017; Young, 2013). Unlike those studies,
which focus on all forms of non-farm and agricultural production, we focus only on agricul-
tural and non-farm household production in households that operate both types of enterprise
simultaneously. Nonetheless, we show that this restriction does not affect the productivity
gap as commonly defined: the average product of labor is higher in non-farm production
than in agricultural production in our sample, as well. However, given that we find the
marginal product of labor to be lower in non-farm production than agricultural production,
our results suggest we revisit how we measure the sectoral productivity gap in developing

countries.

10



Chapter 2

Moving up or Just Surviving?

Non-Farm Self-Employment in India

The classical economic development literature argues that growth is accompanied by a re-
duction in agriculture’s share and an increase in non-agriculture’s share of employment.
Yet, growth of the non-farm sector does not necessarily signal increasing levels of devel-
opment, as the sector may serve as subsistence employment for many individuals. This
ambiguity is heightened by a surprising lack of microevidence regarding sectoral and oc-
cupational choice and, especially, how government policies impact these decisions. In
this paper, I make a simple observation regarding how non-farm self-employment reacts to
market conditions: households and individuals that enter into non-farm self-employment
for subsistence reasons are more likely to exit the sector when wages increase or when more
stable employment becomes available. With this assumption as a starting point, I examine
the effects of the Mahatma Gandhi National Rural Employment Guarantee Act, which in-
creased prevailing wages in rural India. I find that the program significantly decreases days
spent in non-farm self-employment. In addition, the implied labor elasticity is almost three
time higher than economy-wide estimates, suggesting rural non-farm self-employment is a
sector of last resort for many individuals. Additional analyses suggest this impact is driven
primarily by two mechanisms: higher wages and alternative options for risk-management.
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2.1 Introduction

The design of effective development policy depends on a more comprehensive understand-
ing of how, and why, individuals allocate their labor the way they do. The classical eco-
nomic development literature, for example, argues that growth is accompanied by workers
moving out of the agricultural sector and into the more “modern” industrial sector (Lewis,
1954; Kuznets, 1957; Ranis and Fei, 1961). In line with this view, it is a relatively estab-
lished empirical finding that the average product of labor in agriculture tends to be much
lower than the average product of labor in non-farm production (Young, 2013; Gollin et al.,
2014). While large proportions of the labor force remain tied to their lands, recent evi-
dence suggests the non-farm sector is growing in many developing countries (Lanjouw and
Shariff, 2004; Lanjouw and Murgai, 2009). Does this recent growth spurt in the rural non-
farm sector — and non-farm self-employment, in particular — represent a turning point, a
growing non-agricultural sector that can drive further transformations in the rural economy
(Matsuyama, 1992; Tiffin and Irz, 2006)? Or, instead, is this growth evidence of increas-
ing stress in rural labor markets, as individuals flock to the non-farm sector as a means of
subsistence (Barrett et al., 2001; Lanjouw and Lanjouw, 2001; Kijima and Lanjouw, 2005;
Lanjouw and Murgai, 2009; Binswanger, 2012)? The answers to these questions are fun-
damental to the formulation of efficacious public policy, especially policies that target the

rural non-farm sector.

The view of a low-productivity rural non-farm sector has some empirical support. The
vast majority of the self-employed in developing countries are poor (Cho et al., 2016).
Moreover, microenterprises make up the majority of employment in developing countries
and a much larger share of employment than in developed countries (Gindling and New-
house, 2014). For example, according to the World Bank’s 2013 World Development Re-

port, more than 80 percent of employment in services and 60 percent of employment in
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manufacturing in India is in microenterprises; this share is even higher in other developing
countries, like Ethiopia, where upwards of 90 percent of employment in both services and
manufacturing is in microenterprises. Moreover, one type of microenterprise is apparently
becoming more common: in India, the prevalence of non-farm self-employment among
prime-aged adults increased by 40 percent in the earlier 2000s, from an average of around

0.57 days per week in 1999/2000 to 0.80 days per week in 2004/05.!

Given the pervasive nature of these enterprises, it is no surprise that increasing their
productivity is a common development strategy. In fact, growth of microenterprises, in-
cluding non-farm self-employment, is one of the many outcomes targeted by the recent
microfinance revolution (Armendariz and Morduch, 2010). However, given that microfi-
nance does not seem to work for all microenterprises (De Mel et al., 2008, 2009; Banerjee
etal., 2015a), a more thorough understanding of the drivers of self-employment growth can
improve policymaking and targeting. In an attempt to improve our understanding of these
drivers, this paper asks whether the non-farm self-employment sector in India is character-
ized by subsistence entrepreneurship — which, due to low entry barriers, particularly suits
poor households coping with shocks, seasonality, and missing markets (Barrett et al., 2001;
Lanjouw and Lanjouw, 2001; Haggblade et al., 2010; Nagler and Naudé, 2014) but may
offer few opportunities for growth — or by opportunity entrepreneurship, which may offer
longer-term prospects for poverty alleviation and further economic growth. While the clas-
sical view of economic development is that movements out of agriculture often accompany
development and reductions in poverty (Dercon, 2009), it is not clear that this is indeed the
case if much of this movement is driven by subsistence concerns.

In this paper, I first make a simple observation regarding the reactions of different types
of enterprises: households and individuals that enter into non-farm self-employment for

subsistence reasons are more likely to exit the sector when wages increase or when less

'Numbers are from the author’s calculations, using rounds 55 and 61 of the Indian National Sample Survey.
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risky employment opportunities become available. In other words, the labor elasticity of
non-farm self-employment with respect to the market wage should be much higher for sub-
sistence enterprises than other firms. Households that enter non-farm self-employment for
profit-making reasons, on the other hand, are less likely to exit the sector with small wage
increases. With this assumption as a starting point, I examine the effects of India’s Mahatma
Gandhi National Rural Employment Guarantee Act (NREGS)? on the labor allocation de-
cisions of individuals in rural India. NREGS is the largest public works — or “workfare”
— program in the world, generating more than two billion person-days of employment in
2015/16.* Previous research has found that the program significantly increased prevailing
wages in rural areas of India (Azam, 2011; Imbert and Papp, 2015; Deininger et al., 2016)
and has helped households cope with shocks and diversify into riskier activities (Gehrke,
2014; Zimmermann, 2015). These findings suggest the program may plausibly lead to the

exit of many subsistence enterprises.

Using a differences-in-differences strategy, I first show that the program has a significant
effect on non-farm self-employment for prime-age adults. NREGS decreases the proba-
bility an individual engages in any non-farm self-employment during the last week by 1.5
percentage points, a more than 10 percent decrease relative to the pre-program mean. In
addition, the program decreases days in non-farm self-employment in the last week by 3.0
percent. I then show that the program’s effects are concentrated in the dry season, consis-
tent with prior evidence of the program’s wage impacts (Imbert and Papp, 2015) and with
the de facto seasonal implementation of the program (Lakha and Taneja, 2009; Sharma,
2009a; Sukhtankar, 2016). Consistent with implementation being concentrated in the dry

season, there is an insignificant change in days of non-farm self-employment in the rainy

2We might think of these households as more reminiscent of entrepreneurs.

SNREGS was originally passed into law as the National Rural Employment Guarantee Act (NREGS). Its
name was later amended to include the name of the Indian independence movement leader. Throughout this
paper, I refer to the program as NREGS.

“Figures from http://NREGS.nic.in/
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season but a large and statistically significant effect in the dry season: NREGS decreases
days of non-farm self-employment by 4.4 percent. A back-of-the-envelope calculation sug-
gests a labor supply elasticity of 0.94, which is three times as large as estimates of overall
labor elasticity in India (Evenson and Binswanger, 1980; Muralidharan et al., 2017), in-
cluding estimates calculated using the same data and program as this paper (Imbert and
Papp, 2015). This evidence is consistent with non-farm self-employment playing a signif-
icant subsistence role during the dry season. I also present results that show pre-program

trends are unlikely to be responsible for this finding.

This paper then shows that more prevalent enterprises — by industry — also tend to have
lower wages and that enterprises in these industries also show substantial seasonality rela-
tive to higher-wage industries. This is consistent with self-employment having low capital
requirements — and thus low entry barriers — but also low returns (Haggblade et al., 2010).
Also in line with the subsistence enterprise argument, results show that pre-program in-
dustry wages predict the effects of the program on industry prevalence in the dry season
but not in the rainy season; industries with the lowest wages prior to implementation of
NREGS see the largest decrease in days in non-farm self-employment in the dry season,
when labor demand is lowest. However, two final sets of results show that non-farm self-
employment nonetheless plays an important role for many households. First, the inclusion
of days of NREGS employment as a covariate in the main results specification has a very
minimal effect on the estimated treatment effect of the program, suggesting non-wage ben-
efits play an important role in the allocation of labor to non-farm self-employment. Second,
and more importantly, the effect of NREGS on days in non-farm self-employment is sig-
nificantly stronger in areas with higher variation in rainfall, which I use as a proxy for
agricultural production risk. This evidence supports the argument that individuals in rural
India consider non-farm self-employment to be an integral part of risk management and

coping strategies.

15



Merfeld Dissertation

This paper contributes to several bodies of literature. First, this paper informs the lit-
erature on risk and household production in developing countries. A large body of litera-
ture examines the effects of risk on household decisions in developing countries, including
two types of decisions particularly germane to the current paper: production and labor
allocation (Morduch, 1995; Karlan et al., 2014; Mobarak and Rosenzweig, 2014; Helt-
berg et al., 2015; Emerick et al., 2016; Cole et al., 2017). Risk often induces households
to diversify into less risky activities. However, the primary downside of this decision is
that low-risk activities also tend to be low-return. As such, households under risk often
make the deliberate choice to reduce their expected income. This paper offers empirical
evidence that households in rural India make a similar choice with respect to non-farm
self-employment and that a significant proportion of households completely substitute out
of non-farm self-employment when other options for risk management arise. The use of
non-farm self-employment as a risk-mitigation and coping strategy is a finding echoed in
previous research (Reardon, 1997; Barrett et al., 2001; Lanjouw and Lanjouw, 2001; Ki-
jima and Lanjouw, 2005; Brummund and Merfeld, 2017). This result suggests that market
failures in developing countries — in this case, the lack of credit and/or insurance markets
— tie the hands of many households, inducing them to make decisions that reduce risk but

also decrease incomes.

Second, this paper contributes to the growing literature on general equilibrium and in-
direct effects of government policies in developing countries, including the implications
for program evaluation (Duflo, 2000; Miguel and Kremer, 2004; Angelucci and De Giorgi,
2009; Cunha et al., 2011; Muralidharan et al., 2016b; Merfeld, 2017b). Much of this lit-
erature points to the importance of accounting for indirect effects of public policies. The
wage increase induced by NREGS has important general equilibrium effects that, if not
accounted for, will bias traditional treatment effect estimates (Ravallion, 2007, 2009). In

addition, the fact that NREGS apparently helps households manage and cope with produc-
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tion risk suggests a simple comparison of short-term outcomes — like consumption — may
miss important benefits that accrue to households over time as they substitute into alterna-
tive forms of employment and even invest in alternative production technologies (Emerick
etal., 2016). In this sense, it may be difficult to form a complete picture of these effects with
respect to NREGS, as most studies — including this one — necessarily examine relatively
short-term impacts using quasi-experimental methods. Nonetheless, even after accounting
for these indirect benefits, it may very well be the case that alternative government policies
— basic-income schemes, for example — still dominate public works programs in certain
contexts (Murgai et al., 2015). In this regard, it is clear that NREGS is displacing some
alternative forms of employment and that the opportunity cost of participation in NREGS

is not zero.

Finally, this paper contributes to the literature examining the effects and implementation
of NREGS and public works programs more broadly. A significant portion of this literature
examines the labor market impacts of the program, specifically the effect on wages. Much
of this literature finds that the program increased prevailing wages in rural areas (Azam,
2011; Imbert and Papp, 2015; Deininger et al., 2016), although the concentration of effects
differs, with some authors finding increases mainly in the rainy season (Imbert and Papp,
2015) and others finding an increase in female wages but not male wages (Azam, 2011).
On the other hand, Zimmermann (2015) provides evidence the program serves more of a
safety net role, and finds few effects on private-sector wages. I add to the NREGS liter-
ature by documenting effects on one type of labor — non-farm self-employment — as well
as showing that these effects appear to be driven by the general equilibrium wage increase
and risk reduction effects of the program, not by direct program employment. This finding
also supports other research that finds a substantial reallocation of labor following imple-
mentation of the program (Islam and Sivasankaran, 2014; Shah and Steinberg, 2015). In

addition, the current results suggest the program plays an important role in helping house-
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holds manage and cope with production risks, which complements similar findings in the
literature (Gehrke, 2014; Zimmermann, 2015). This finding also speaks to the effects of
public works programs more generally, such as programs in Malawi (Beegle et al., 2017),
Ethiopia (Gilligan et al., 2009), and elsewhere (see, for instance, Subbarao et al. (2013) for

an overview of existing evidence).

2.2 Institutional Setting

Creating employment opportunities and raising wages are key instruments in the fight
against poverty (Devereux and Solomon, 2006). While governments use a number of
different policies in an attempt to increase employment, perhaps none is as ambitious as
India’s NREGS. Unlike other workfare programs, NREGS treats employment as a funda-
mental right, with “workers’ rights to demand and get work... enshrined in a legislative

framework™ (2, p. 6).

NREGS was originally passed into law as the National Rural Employment Guarantee
Act in 2005 (?).° It is designed as a legal guarantee of employment to households in rural
areas. Every rural household is entitled to up to 100 days of manual labor at the statutory
minimum wage, which was, on average, approximately 2 USD per day in 2011 (Azam,
2011), although wages vary by state. According to a presentation from one senior adviser
to the government of India,® at the start of the program, the official NREGS wage rate varied
between 50 rupees (in Gujarat) and 125 rupees (in Kerala). Notably, these official wages
often more than doubled the prevailing wage rate at the time for men. For women, the
difference was even greater, with the same presentation noting that the prevailing wage rate

for women in Rajasthan was only 10 rupees a day prior to implementation of the program,

3 All information in this section comes from the original legislation, unless otherwise cited.
®http://www.levyinstitute.org/pubs/EFFE/Mehrotra_Rio_May9_08.pdf

18



Merfeld Dissertation

while official NREGS wages were 73 rupees a day. Although the wages were higher than
the prevailing wage rates in many states, they are nonetheless designed as a self-targeting
mechanism; since the wages are still relatively low, only the poorest households should be

interested in applying for jobs through the program (Dutta et al., 2012).

While the program is open to all households in rural areas, interested households must
apply for a job card. The job cards are administered by the Gram Panchayat, which is the
lowest level of administration in the Indian administrative structure. After receiving a job
card, households can apply to the local government for work at any time during the year
and must be assigned to a job within 15 days of requesting employment. If applicants do
not receive a job within 15 days, they are eligible to receive unemployment compensation
— which is equal to between one-fourth and one-half of the official wage rate — until a job
is secured. The costs of the program are shared between the federal and state governments,
although the federal government bears the majority of costs. The federal government is
responsible for all wages of unskilled laborers and three-quarters of all costs for materials
as well as skilled and semi-skilled workers. The state government, on the other hand, is re-
sponsible for the remaining one-quarter of costs for materials and is completely responsible

for unemployment compensation.

A key issue in implementation of the program concerns late payment of wages, which
by law must be paid within 15 days. In one study, more than a third of all respondents
reported having to look for work elsewhere due to delays in being paid (Khawlneikim
and Mital, 2016), while in another study, every single woman interviewed at worksites in
Uttar Pradesh reported wages had not been paid on time (Khera and Nayak, 2009). Insofar
as women are more likely to require prompt payment — perhaps because they are the sole
wage-earners in the household or they rely on the wages to feed their children — these delays

may be leading women to look for opportunities eslewhere (Khera and Nayak, 2009).
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Actual implementation of the law took place in three phases. In the first phase, 200
districts received the program in February of 2006. An additional 130 districts received
the program between April and May of 2007, while the program was implemented in the
remaining districts in April of 2008, bringing the total number of districts with the program
to 644 (?). Figure 2.1 shows the distribution of districts and phases across India. There
is some spatial clustering of phase-one districts — represented by green — in the eastern
half of country. This is not surprising, as the selection of districts was done based on a
number of characteristics, including poverty. According to government documents, the five
main variables used to select districts were agricultural productivity per worker, agricultural
wage rates, population of scheduled castes and scheduled tribes, agricultural productivity
per hectare, and the poverty rate (Planning Commission, 2003a). As such, many of the
poorest districts were the first to receive the program, and many of these districts are located
in the eastern half of the country. It is not clear how this would be correlated with non-farm
self-employment, but, given this purposive selection, differences-in-differences estimates
— comparing differences in trends — are more likely to provide valid causal inference than
a simple comparison of early- and late-phase districts. Nonetheless, given the purposive
selection of districts, the parallel trends assumption may be violated. As such, I present

evidence in support of this assumption below.

2.3 The Model

In this section, I develop a simple model and derive three predictions regarding the effects
of NREGS on non-farm self-employment. Suppose a single-person household maximizes
its utility of consumption and leisure and, for simplicity, assume the household has only

three income sources: farm self-employment, non-farm self-employment, and wage em-
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Figure 2.1: Districts and NREGS Phase
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Phase one districts received the program in 2006. Phase two districts received the program in 2007. Phase three districts received

the program in 2008.
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ployment.” In a static framework, the household’s problem is:
max  u(c,l
Lp,L,Lu,c,l (e;])

subject to c<prpf(Lr;A)+png(Ln; Z) + wiy,

L=Lp+Ly+L,+1

where c is consumption; pr is the price of agricultural output; L is agricultural labor and
f(Lp; A) is the agricultural production function, satisfying f'(Lr) > 0and f"(Lp) < 0; A
is a measure of capital (e.g. land), assumed to be fixed; py is the price of the good produced
through non-farm self-employment; Ly is non-farm enterprise labor and g(Ly; Z) is the
non-farm production function, satisfying the same assumptions as the agricultural produc-
tion function; Z is capital used in non-farm production, also assumed to be fixed; w is the
wage rate; L,, is amount of wage labor; and L is the household’s total labor endowment.

For simplicity, I assume there is no cap on wage labor.®

Assuming an interior solution, the optimal decision is given by:

w = png (L) = prf'(Lr; A) (2.1)

In other words, the household equates returns to non-farm production — the marginal rev-
enue product of labor, or MRPL — with the wage rate. Given the assumptions on the
production functions, an increase in the prevailing wage rate will result in a decrease in
the amount of labor the household applies to non-farm self-employment, or C%TN < 0. The
NREGS literature has consistently found that the program increased prevailing wage rates

in rural areas. This leads to the first result of the model:

"I also assume separability. However, assuming non-separability does not change the comparative statics.
8 All of the results in this section hold with the inclusion of a cap on wage labor.
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Result 1 Households will allocate less labor to their non-farm enterprises following im-

plementation of NREGS.

Two corner solutions are possible with respect to non-farm labor. First, it is possible that
some households will prefer to allocate all of their labor to non-farm self-employment. In
particular, this will be the case if pyg'(L) > w and pyg'(L) > prf'(0).° If this is true after
implementation of NREGS, then we will see no effect of NREGS on these households.
Second, some households may prefer to allocate no labor to non-farm employment. For
these households, it must be true that pyg'(0) < w or pyg'(0) < ppf'(L). This leads to

the second prediction of the model:

Result 2 Fewer households will operate non-farm enterprises following implementation of

NREGS.

Households for which w,,. < pnf'(0) and w > pyf'(0) — where w,,. is the prevailing
wage rate prior to implementation of NREGS and w is the wage rate after implementation
— will allocate some positive amount of labor to self-employment prior to NREGS but no
labor to self-employment after implementation. This change will appear as a closure of a

non-farm enterprise in the data.

The first result also leads to another prediction. If households allocate less labor to non-

farm production and the production function is concave, the marginal product of labor

dMRPL
dLx

dLy

< 0. Since 7
W

will increase, or dM]ZJPL

< 0, then, at the new optimum: S =

%‘%—WN > (. This leads to the final prediction of the model:

Result 3 The marginal (and average) revenue product of labor will be higher for surviving

enterprises following implementation of NREGS.

9We can also allow for an optimum in which the household allocates labor to both non-farm and farm pro-
duction, but not wage employment. This will be true if px g’ (L%;) > w and pp f'(L — L%;) > w.
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It is important to note that Result 3 is really due to two separate effects. First, households
will allocate less labor to non-farm production. This suggests that MRPL will be higher
in these enterprises following implementation of NREGS, and thus the overall average
productivity will be higher. Call this the “labor substitution” effect. Second, Result 2
suggests low productivity enterprises will close completely. This effect will also increase

average productivity in NREGS districts. Call this the “composition” effect.

Figure 2.2 presents graphical examples of the model. In this graphical depiction of the
model, I ignore farm labor for simplicity.!® Given the assumptions on the production func-
tion, the MRPL curves will be downward sloping with the shape of the curves in Figure 2.2.
Assuming fixed capital, each row depicts a different possible marginal revenue product of
labor curve for a household enterprise. The left column is the household’s labor allocation
to its non-farm enterprise prior to implementation of NREGS, while the right column is the

household’s allocation decision following implementation.

Figure 2.2 presents three separate households. Row A shows a household that is com-
pletely unaffected by NREGS. The household’s MRPL in non-farm self-employment is
high enough that the household will not reallocate any of its labor following the increase in
the wage rate. This household’s estimated MRPL at the optimum is thus unaffected. Row
B shows an example of the labor substitution effect. The household applies labor up to L to
non-farm self-employment prior to implementation of NREGS, but reduces its allocation
of labor to a following implementation. Assuming a concave production function, this im-
plies that MRPL at the optimum for household B will increase following implementation.'!
Finally, row C shows a household that is completely crowded out by the program. While

the household applies labor up to a to non-farm self-employment prior to the program,

the wage change is such that the household applies no labor to non-farm self-employment

10As above, the results hold if we redefine the labor endowment in Figure 2.2 to be non-farm labor.
"'This increase is caused by a shift in labor allocation, not a change in the production function itself.
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Figure 2.2: NREGS and Marginal Revenue Product of Labor
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The left column represents non-farm self-employment for three separate example households prior to NREGS implementation. The
right column shows the same three households after implementation of NREGS. Row A shows a household that is unaffected by
NREGS implementation; MRPL is higher than the post-NREGS wage rate and, as such, the household does not reallocate any labor.
Row B shows a household that applies less labor to non-farm self-employment following implementation but continues to operate
the non-farm enterprise. Row C shows a household that is completely crowded out of the non-farm self-employment sector by
NREGS; the post-NREGS wage rate is high enough that the household allocates no labor to non-farm self-employment following
implementation.
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following implementation. Since the household was less productive — as measured by its
MRPL - than household B prior to the program, overall population MRPL will increase

when household C reallocates labor. This is the composition effect.

2.4 Data and Estimation Strategy

In this paper, I predominately use the Indian National Sample Survey (NSS). The survey
is collected on an annual basis by the Ministry of Statistics and Program Implementation.
However, not all of the survey rounds are “thick” rounds, with large sample sizes. I use
rounds 61 and 64, collected in 2004/05 and 2007/08, respectively, which are the same
rounds used by Azam (2011) and Imbert and Papp (2015). The surveys are repeated cross-
sections and are representative of the entire population of India. In order to make the results

nationally representative, I utilize the NSS survey weights in all of the analyses that follow.

The first round I use comes prior to implementation of the program and the second round
comes after the first two phases have been implemented, but prior to implementation of the
third phase.!”> Given the timing of the two rounds, I employ a differences-in-differences

estimator. I estimate regressions of the form:

Ynat = g + B1Post; + BoNREGS,; x Post, + dnai+

Ya X Posty + st + Yme + Enar,

where y,4; 1s the outcome of interest for household A in district d at time ¢, Post; is a
dummy variable indicating that the observation is from the 2007/08 round, ¢4 is a vec-
tor of household-level controls, 7y, is state/wave fixed effects, 1,,,; is a vector of dummy

variables indicating the month and year of the interview, and €54 is a household-specific

12Unfortunately, there is no thick round between the first and second phase.
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error term. In addition, all estimates include district-level fixed effects («). I also include
district-level variables measured prior to the program; these are listed in Table 2.Al. I al-
low these variables to affect the outcome trend by including them as an interaction with
the post dummy (74 x Post;). I cluster all standard errors at the district level, allowing for

arbitrary correlation across time (Bertrand et al., 2002).

I also use the Additional Rural Incomes Survey/Rural Economic & Demographic Sur-
vey, known as ARIS/REDS, which has been collected periodically since 1969.!> The sur-
veys were originally nationally representative of the rural population of India and covered
4,527 households from 259 villages. The two most recent surveys are from 1999 and 2008
but are unfortunately no longer nationally representative. The 2008 wave resurveyed all
households from 1999 plus approximately eight new households in each village, with a
total sample of size of 9,500. Unlike the NSS, the ARIS/REDS contains information on
remuneration of non-farm self-employment. I use the ARIS/REDS to examine produc-
tivity of non-farm self-employment and the differences-in-differences estimator using the
ARIS/REDS identifies the same effect as the NSS as it compares phases one and two to
phase three. The ARIS/REDS also has a village-level module that provides information
on distance to the nearest bank, which I use to explore effect heterogeneity of NREGS.
In addition, geospatial information at the household level facilitates accurate measures of

rainfall, which I use to explore heterogeneity in NREGS’ impacts.

As with all differences-in-differences estimators, identification relies on the assumption
of parallel trends: that the trends in outcomes between treatment districts and comparison
districts would have been the same in the absence of the program. In practice, this assump-
tion could be violated if, for example, other policies were implemented in only phase one

districts between the two survey rounds or if treated and untreated districts were trending in

3The survey is organized by the National Council of Applied Economic Research (NCAER). NCAER has
collected four rounds between 1971 and 2008. See http://www.ncaer.org/data_details.php?dID=9.
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different directions prior to implementation of the program. I present supporting evidence

for the assumption of parallel trends in subsection 2.5.1.

I also estimate robustness checks comparing the effects of NREGS across seasons and
states. First, lower-return non-farm self-employment may be more common in the dry sea-
son when there are fewer employment options (Barrett et al., 2001; Haggblade et al., 2010;
Lanjouw and Lanjouw, 2001; Nagler and Naudé, 2014). In addition, previous NREGS
research has found differential effects of the program on wages depending on the season
(Imbert and Papp, 2015; Zimmermann, 2012). As such, I analyze the effects of NREGS
across the rainy and dry seasons, by estimating separate regressions for each season. In
all regressions, the dry season is defined as January through June and the rainy season is

defined as July through December.

As an additional check, and again following Imbert and Papp (2015), I create a vari-
able for the "star states" that identifies the best-performing states. These states are Andhra
Pradesh, Chhattisgarh, Himachal Pradesh, Madhya Pradesh, Tamil Nadu, Rajasthan, and
Uttarakhand. If the effects I find are indeed due to the program, then effects may be con-

centrated in star states.

2.4.1 Main Outcome Variables

NREGS may impact several outcomes related to non-farm self-employment. Most impor-
tantly, the program may impact the number of days in non-farm self-employment. The
NSS employment module inquires about labor allocation in the last week. Each respondent
can report labor allocation in half-day increments. I define self-employment as individuals
that responded they either worked in a household enterprise as an own account worker,
as an employer, or as an unpaid family worker. In addition, I define non-farm as any

industry other than agriculture, livestock, fishing, or mining. Days spent in non-farm self-

28



Merfeld Dissertation

employment ranges from zero to seven. For the analyses with days below, I use the log of
days plus one as the dependent variable. I also present results using levels in the appendix.
I create a second non-farm self-employment variable (“non-farm worker”) that equals one
if the individual reported spending any time in non-farm self-employment and zero other-
wise. Finally, in the first set of results below, I collapse responses to the household level,

by summing total days and taking the count and max of non-farm worker.

ARIS/REDS allows an examination of the effects of NREGS on non-farm enterprise
productivity. Rather than estimating production functions, I define productivity using (log
of) average revenue per worker-day.'* In these analyses, I aggregate these variables to the

household level.

2.4.2 Summary Statistics

Table 2.1 presents (unweighted) district summary statistics by NREGS status. Table 2.A1 in
the appendix lists the sources for each of the variables in Table 2.1. Treated (NREGS) and
untreated (non-NREGS) districts appear geographically similar. For example, both types
of districts are approximately of the same size in population as well as area. However,
other statistics make clear that districts receiving the program first are, on average, poorer
and worse off than districts that receive it later. For example, the average wage in NREGS
districts was almost 25 percent lower than the wage in non-NREGS districts. This may be
partially explained by the composition of the workforce: workers in NREGS districts are
more likely to be engaged in agriculture (cultivators and agricultural workers) than workers

in non-NREGS districts.

Three other statistics also display the difference in wealth across districts. First, NREGS

141f production follows a Cobb-Douglas, then the marginal and average products of labor are proportional:
MPL = (1 — a)APL, where M PL is the marginal product of labor and APL is the average product of
labor.
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Pre-Program

ey @)
NREGS Non-NREGS
Population (thousands) 1749.684 1765.740
(1354.585)  (1255.065)
Percent rural 0.840 0.716
(0.112) (0.168)
Area (km?) 5958.587 5717.904
(4659.635)  (5422.598)
Average wage (R’s) 49.406 65.297
(22.912) (39.717)
Percent scheduled castes 0.145 0.145
(0.084) (0.083)
Percent scheduled tribes 0.218 0.114
(0.271) (0.244)
Sex ratio 944.562 928.673
(46.365) (63.584)
Literacy rate 0.495 0.582
(0.118) (0.103)
Labor force participation rate 0.414 0.405
(0.068) (0.072)
Cultivators (percent) 0.166 0.150
(0.084) (0.095)
Agricultural workers (percent) 0.124 0.076
(0.062) (0.051)
Household industry workers (percent) 0.015 0.016
(0.013) (0.014)
Other workers (percent) 0.110 0.166
(0.053) (0.062)
Observations 288 228

Standard deviations are in parentheses. All statistics are unweighted and are from the 2004/05 National
Sample Survey, prior to implementation of NREGS. Table 2.A1 of the appendix details the source for
each variable. The first column includes all NREGS districts (phase one and two districts) and the second
column includes all non-NREGS districts (phase three districts). Wage is in rupees and is defined as the

median wage in 2004/05. The sex ratio is defined as number of females per 1000 males.



2.4. DATA AND ESTIMATION STRATEGY

Table 2.2: Individual Summary Statistics

Pre-Program (2004/05)

ey @)
NREGS Non-NREGS
Wage (R’s) 48.467 63.649
(25.764) (43.841)
Non-farm worker (last week - yes=1) 0.141 0.123
(0.348) (0.329)
Days non-farm self-employment (last week) 0.762 0.688
(2.081) (2.009)
Male 0.503 0.505
(0.500) (0.500)
Age 32.482 32.463
(11.998) (12.102)
Education 2.275 2.508
(1.491) (1.526)
Household head male (yes=1) 0.929 0.920
(0.257) (0.271)
Household head age 47.004 48.185
(12.160) (12.375)
Household head education 2.148 2.244
(1.503) (1.509)
Household size 6.084 6.098
(3.125) (2.942)
Percent children 0.281 0.261
(0.213) (0.211)
Percent prime male 0.342 0.351
(0.174) (0.179)
Percent prime female 0.324 0.329
(0.145) (0.148)
Percent elderly female 0.025 0.028
(0.064) (0.067)
Observations 120618 91881

Standard deviations are in parentheses. All statistics are unweighted and are from the 2004/05 National
Sample Survey, prior to implementation of NREGS. The first column includes all NREGS districts (phase
one and two districts) and the second column includes all non-NREGS districts (phase three districts).
Wage is in rupees. There are 16379 wage observations from NREGS districts and 11514 wage observa-
tions from non-NREGS districts. Education is coded from 1-6: 1 indicates less than a primary education;
2 indicates a primary education; 3 indicates a middle-school education; 4 indicates a secondary education;
5 indicates a higher-secondary education; and 6 indicates a college degree. The percent variables follow-
ing household size are the composition of the individual’s household. Children are defined as individuals
under 15; prime males are defined as males between 15 and 60 years of age; prime females are defined as
females of the same age; and elderly females are defined as females 60 or older.
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districts are, on average, much more rural than non-NREGS districts. Second, a higher
percentage of the population of NREGS districts is made up of scheduled tribes and castes
— some of the most disadvantaged castes in India — than non-NREGS districts. Finally,
the literacy rate is much higher in non-NREGS districts: while more than 58 percent of
adults in non-NREGS districts are literate, less than half are literate in NREGS districts.
On the whole, these statistics suggest that we must be careful interpreting the results from

differences-in-differences, as pre-program trends may be quite different.

Table 2.2 presents (unweighted) summary statistics at the individual level from the NSS,
for individuals between 15 and 60 years of age. Again, we see that the wage was much
lower in NREGS districts prior to the program. Regarding the two main outcomes of
interest, individuals in NREGS districts are slightly more likely to have worked in non-
farm self-employment during the last week. Similarly, they worked, on average, slightly
more days in non-farm self-employment than individuals in non-NREGS districts. Many
of the other variables do not suggest large differences by district type, except education,

which is slightly higher in non-NREGS districts and consistent with the story above .'3

2.5 Results

Table 2.3 presents the estimated effect of NREGS on non-farm self-employment at the
household level. All three coefficients are in the hypothesized direction and are significant
or marginally significant. In the data, households decrease their total days of non-farm
self-employment by approximately 5.9 percent. In addition, approximately seven percent

fewer households (0.02 divided by the pre-program average of 0.288) operate a non-farm

STable 2.A3 in the appendix presents unweighted summary statistics for all individuals over the age of ten.
The statistics suggest that individuals younger than 15 and older than 60 are much less likely to engage in
non-farm self-employment, with the average days in non-farm self-employment almost 20 percent lower
than in Table 2.2. This motivates the restriction of the sample to only individuals between 15 and 60 years
of age.
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Table 2.3: Effect of NREGS on Household Non-Farm Self-Employment

Household level

(1 (2) (3)
Self-emp (days - log)  Self-emp (count) NFE HH
Post times NREGS —0.059%* —0.044 —0.020%*
(0.033) (0.029) (0.012)

State/Wave Yes Yes Yes

Interview Month/Wave Yes Yes Yes
Observations 141049 141049 141049

Standard errors are in parentheses and are clustered at the district level. All regressions are defined at the household level. All
regressions use the NSS and are weighted to be representative of the population. District fixed effects are included in all regressions.
Column one includes total number of days (log + 1) of non-farm self-employment all household members reported engaging in
during the previous week. Column two includes total number of household members that reported engaging in any non-farm self-
employment during the previous week. The dependent variable in column three equals one if any household member reported
engaging in non-farm self-employment during the previous week.

# p<0.1 #* p<0.05 *** p<0.01

enterprise, relative to the pre-program mean, following NREGS implementation.

Table 2.4 presents results at the individual level. The first column is log of days in self-
employment over the last week. We see a decrease in days of non-farm self-employment of
approximately 3.0 percent among individuals in NREGS districts relative to individuals in
non-NREGS districts. Similarly, treated individuals are 1.5 percentage points less likely to
report having worked in non-farm self-employment during the last week. While the coef-
ficient is relatively small, it is nonetheless qualitatively meaningful; it represents an effect
more than ten percent as large as the dependent variable mean prior to implementation of

the program. Both of the effects in Table 2.4 are statistically significant.'¢

We might expect the effects of NREGS to differ by season for two reasons. First, non-
farm self-employment may show seasonality. Second, the wage effect of NREGS shows
seasonal variability (Berg et al., 2014; Imbert and Papp, 2015; Deininger et al., 2016),
perhaps due to elite pressures to only implement the program during times of low labor

demand (Lakha and Taneja, 2009; Sharma, 2009a; Sukhtankar, 2016). If NREGS is well

16Table 2.A4 in the appendix also presents results for days of non-farm self-employment in levels. The main
results are qualitatively unchanged and, if anything, the effect of NREGS appears to be larger.
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Table 2.4: Effect of NREGS on Individual Non-Farm Self-Employment

Individual level

(1) (2)
Self-emp (log days)  Self-emp (Yes=1)
Post times NREGS —0.030%* —0.015%*
(0.015) (0.008)
State/Wave Yes Yes
Interview Month/Wave Yes Yes
Observations 366116 366116

Standard errors are in parentheses and clustered at the district level. All regressions are defined at the individual level. All regressions
use the NSS and are weighted to be representative of the population. District fixed effects are included in all regressions. Column
one includes total number of days (log + 1) of non-farm self-employment the individual reported engaging in during the previous
week. The dependent variable in column two equals one if the individual reported engaging in any non-farm self-employment during
the previous week.

* p<0.1 % p<0.05 %% p<0.01

implemented only in the dry season and if non-farm self-employment is more likely to be
subsistence during the dry season, we should see relatively small effects of the program dur-
ing the rainy season but large effects during the dry season. The first column of Table 2.5
presents the results disaggregated by season. Column one of Panel A confirms expecta-
tions: NREGS has no effect on non-farm self-employment in the rainy season. However,
column two shows a large and highly significant decrease during the dry season. The point
estimate indicates that non-farm self-employment decreased by 4.4 percent in NREGS dis-
tricts relative to non-NREGS districts during the dry season. When estimated in levels, the
effect is much larger; Appendix Table 2.A4 suggests a drop of around one quarter relative

to the pre-program mean.

This finding is consistent with non-farm self-employment playing different roles dur-
ing the rainy and dry seasons. In particular, the results are indicative of non-farm self-
employment being less productive in the dry season than the rainy season. However, if
wages increase more in the dry season than in the rainy season (Imbert and Papp, 2015),
sector of last result need not be the explanation, a point to which I return below. Imbert and

Papp (2015), using the same data, find an increase in the wage rate of approximately 4.7
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Table 2.5: Effect of NREGS by Season and State

(H (2)
Non-Farm Self-Employment (days - log) Dry/Rainy Star State
Post times NREGS (Rainy) —0.015
(0.016)
Post times NREGS (Dry) —0.044%**
(0.018)
Post times NREGS (Non-Star) —0.016
(0.015)
Post times NREGS (Star) —0.032
(0.021)
State/Wave Yes No
Interview Month/Wave No Yes
Observations 366933 366876

The dependent variable in all columns is log of days of non-farm self-employment plus one. Standard errors are in parentheses and
clustered at the district level. All regressions are defined at the individual level. All regressions use the NSS and are weighted to
be representative of the population. District fixed effects are included in all regressions. In all regressions, the dependent variable
is days (log + 1) of non-farm self-employment during the previous week. The top panel reports effects by season. The dry season
is defined as January through June while the rainy season is defined as July through December. The bottom panel reports effects by
Star state status. Star states are defined as Andhra Pradesh, Chattisgarh, Himachal Pradesh, Madhya Pradesh, Rajasthan, Uttarkhand
and Tamil Nadu (Imbert and Papp, 2015).

# p<0.1 ** p<0.05 *#* p<0.01

percent and an implied labor elasticity of 0.31 in the dry season. Their estimate of labor
elasticity is consistent with both earlier (Evenson and Binswanger, 1980) and later (Mu-
ralidharan et al., 2017) estimates for rural India. Using their estimated wage increase of
4.7 percent and the estimated decrease in non-farm self-employment of 4.4 percent in Ta-
ble 2.5, the implied labor elasticity of non-farm self-employment is 0.94, much higher than
the overall labor elasticity in the economy, even using estimates from the same program
and with the same data (Imbert and Papp, 2015). Non-farm self-employment is apparently
much more sensitive to wage changes in the dry season than is overall employment, which
is consistent with at least part of the sector being subsistence entrepreneurship, or a sector

of last resort.

The second column of Table 2.5 disaggregates the effect into non-star states and star
states (Imbert and Papp, 2015). Consistent with previous evidence, the effect of NREGS on

non-farm self-employment is greatest in the states that best implemented the program, the
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“star states.” However, none of the results nor the difference across states is significant.!”

Table 2.AS and Table 2.A6 in the appendix present the individual-level results for all in-
dividuals over 10 years of age. The overall effect is smaller in the larger sample, which is
not surprising given that the newly included individuals were much less likely to engage in
non-farm self-employment prior to implementation of the program, as shown in the sum-
mary statistics in Table 2.A3. However, effect seasonality is still clear in the more inclusive
sample: the largest decrease in non-farm self-employment comes in the dry season. As an
additional check, I also re-estimate the overall effect and effects by season using ordered
probit, since the labor dependent variable can take on only 15 ordered values at the individ-
ual level (zero to seven days in half-day increments). The results in Appendix Table 2.A7

are qualitatively similar to OLS estimates.

2.5.1 Pre-Program Trends

While the previous section presented evidence that NREGS decreased the prevalence of
non-farm self-employment, the causal interpretation requires an assumption of common
trends. To examine the plausibility of this assumption, Figure 2.3 and Figure 2.4 graphi-
cally present pre-program trends using the 1999/2000 NSS (round 55) and 2004/05 NSS
(round 61). Figure 2.3 presents trends in days of non-farm self-employment.'® Non-farm
self-employment is increasing slightly in both NREGS and non-NREGS districts between
1999/2000 and 2004/05, which is consistent with the non-farm sector helping to absorb
an increasing rural labor force (Binswanger, 2012). However, days in non-farm self-
employment in treated districts are not rising as quickly as in untreated districts, a find-

ing which might invalidate the causal interpretation above. Figure 2.4 presents the same

171n results not shown but available upon request, I test for significance by completely interacting a star state
dummy with all other variables in the model.
18 As in the analyses above, the dependent variable is log of days plus one.
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Figure 2.3: Pre-Program Trends in Days of Non-Farm Self-Employment
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The y-axis measures average non-farm self-employment days over the last week across individuals in NREGS and non-NREGS
districts. All statistics are weighted to be representative of the population.

trend but disaggregates the trend into the rainy and dry season. Recall that we expect to
see effects of NREGS only during the dry season. In fact, Figure 2.4 suggests that treated
districts are actually trending slightly upwards relative to untreated districts during the dry
season, which is in the opposite direction of the expected and empirical result. Most of the
negative trend in Figure 2.3 is due to the rainy season. If this is true, pre-program trends
are unlikely to explain the effects of NREGS on non-farm self-employment found in the

previous section.

To empirically analyze the magnitude of these trends, I re-estimate the regressions from

Table 2.5 but use 2004/05 as the “post” wave and 1999/2000 as the pre-program wave. If
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Figure 2.4: Pre-Program Trends in Days of Non-Farm Self-Employment by Season
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districts. All statistics are weighted to be representative of the population.



2.5. RESULTS

Table 2.6: Effect of NREGS on Non-Farm Self-Employment - Placebo

Individual level

(1) (2)
Non-Farm Self-Employment (days - log) Self-emp (log days)  Self-emp (Yes=1)
Post times NREGS —0.011 —0.005
(0.011) (0.006)
State/Wave Yes Yes
Subround/Wave Yes Yes
Observations 325332 325332

The dependent variable in all columns is log of days of non-farm self-employment plus one. Standard errors are in
parentheses and clustered at the district level. All regressions are defined at the individual level. All regressions use
the NSS and are weighted to be representative of the population. District fixed effects are included in all regressions.
The estimates include the 55th wave of the NSS—collected in 1999/2000-and the 61st wave—collected in 2004/05. Post
is now defined as 2004/05, before the program was implemented, in order to assess whether pre-program outcomes
are trending differentially. Column one includes total number of days (log + 1) of non-farm self-employment the
individual reported engaging in during the previous week. The dependent variable in column two equals one if the
individual reported engaging in any non-farm self-employment during the previous week.

# p<0.1 ** p<0.05 *** p<0.01

Table 2.7: Effect of NREGS by Season and State - Placebo

(H (2)
Non-Farm Self-Employment (days - log) Dry/Rainy  Star State
Post times NREGS (Rainy) —0.015
(0.013)
Post times NREGS (Dry) —0.007
(0.015)
Post times NREGS (Non-Star) —0.017
(0.011)
Post times NREGS (Star) 0.008
(0.017)
State/Wave Yes No
Interview Subround/Wave No Yes
Observations 325332 325332

The dependent variable in all columns is log of days of non-farm self-employment plus one. Standard
errors are in parentheses and clustered at the district level. All regressions are defined at the individual
level. All regressions use the NSS and are weighted to be representative of the population. District fixed
effects are included in all regressions. The estimates include the 55th wave of the NSS—collected in
1999/2000—and the 61st wave—collected in 2004/05. Post is now defined as 2004/05, before the program
was implemented, in order to assess whether pre-program outcomes are trending differentially. In all
regressions, the dependent variable is days (log + 1) of non-farm self-employment during the previous
week. The top panel reports effects by season. The dry season is defined as January through June while
the rainy season is defined as July through December. The bottom panel reports effects by star state status.
Star states are defined as Andhra Pradesh, Chattisgarh, Himachal Pradesh, Madhya Pradesh, Rajasthan,
Uttarkhand and Tamil Nadu (Imbert and Papp, 2015).

# p<0.1 #* p<0.05 *#% p<0.01
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differential trends are driving the results, then we should see similar results in this placebo
analysis. Table 2.7 presents overall results. In the rainy season, the pre-program trend
is the same magnitude as the estimated program effect. Although the effect during the
rainy season in the previous section was insignificant, the pre-program trends nonetheless
suggest the actual effect of the program during the rainy season is near zero, which would
be consistent with NREGS being implemented mostly during the dry season. The estimated
pre-program trend during the dry season, where we expect a negative coefficient, is slightly
negative. However, the coefficient is only 15 percent as large as the estimated program
effect in the previous section. As such, it appears unlikely that pre-program trends are

responsible for the large estimated effect of NREGS in the dry season.

2.5.2 Enterprise Revenue and Productivity

While the NSS allows an examination of overall employment, it does not allow an exam-
ination of the productivity effects of NREGS. As such, I now turn to the ARIS/REDS.
Table 2.8 uses the ARIS/REDS data, at the household level, to look at four separate de-
pendent variables: 1) whether the household engages in non-farm self-employment; 2) the
total number of workers employed; 3) total family workers employed; and 4) revenue per
worker-day. Columns one through four confirm the NSS estimates: households are less

likely to operate a non-farm enterprise and employ fewer overall workers when they do.

The final column is log of revenue per worker-day for only those households that operated
a non-farm enterprise. Consistent with the model, the average product of labor (proxied
by revenue per worker) apparently increases in NREGS districts relative to non-NREGS

districts.!” However, the increase is statistically insignificant. As such, while the coefficient

The model predicts an increase in the marginal product of labor. Assuming Cobb-Douglas production
technology, the marginal product of labor is proportional to the average product of labor, and thus changes
in the average product will mirror changes in the marginal product.
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Table 2.8: Effect of NREGS on Non-Farm Self-Employment Income

All NFE Households
(1) (2) (3) 4) 5
NFE HH Workers (log) Workers (log) Days (log) Rev. per Day
Post times NREGS —0.176%**  —0.178%%* —0.225% —0.774 0.092
(0.066) (0.072) (0.121) (0.495) (0.368)

State/Wave Yes Yes Yes Yes Yes
Month Yes Yes Yes Yes Yes
Observations 11674 11674 1698 1698 1626

Standard errors are in parentheses and clustered at the district level. All regressions are defined at the household level. All regressions
use the ARIS/REDS. District fixed effects are included in all regressions. The first two columns include all households. The
dependent variable in the first column is a dummy variable equal to one if the household operated a non-farm enterprise of any type
and the second column is the log of number of household members that worked in non-farm self-employment plus one. The third
through fifth columns include only households that operated a non-farm enterprise. The dependent variable in the third column is
(log of) number of total workers plus one. The dependent variable in the fourth column is (log of) days of workers. The dependent
variable in the last column is (log of) revenue per worker-day.

* p<0.1 ** p<0.05 *** p<0.01

is in the hypothesized direction, there is not enough power to infer anything about the

effects of NREGS on enterprise productivity.

2.5.3 NREGS Employment, Wage Increase, and Market Failures

The effect of NREGS on non-farm self-employment could theoretically be caused or mit-
igated by several mechanisms. First, households may be reallocating labor from non-farm
self-employment to NREGS itself. If NREGS wages are higher than returns to non-farm
self-employment, then NREGS employment may be directly responsible for the decrease
in days of non-farm self-employment. Second, the rural wage increase could induce house-
holds to change its reallocation away from non-farm self-employment. If more remunera-
tive off-farm (non-NREGS) opportunities arise in the dry season due to the implementation
of NREGS, then a household with low-return non-farm self-employment may exit the sec-

tor and instead reallocate its labor towards more remunerative opportunities.
A third possible mechanism is risk. The rural non-farm sector plays an important risk

management and coping role in many developing countries (Barrett et al., 2001; Hagg-
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blade et al., 2010; Lanjouw and Lanjouw, 2001; Nagler and Naudé, 2014). The common
strategy of diversification can serve to decrease household risk exposure, but also decrease
the expected value of returns. As such, decreasing the risk a household faces can improve
its welfare, even without increasing its income. There is some evidence that NREGS is
an important insurance tool for many households (Gehrke, 2014; Zimmermann, 2015). In
the current context, the introduction of de facto insurance through NREGS employment
might induce individuals to decrease their reliance on low-risk, low-return non-farm self-

employment.

Finally, the model above makes an important assumption that non-farm capital is fixed.
If this is not the case, then the model predictions may not hold if NREGS affects a house-
hold’s ability to overcome credit constraints. I explore this possibility briefly in the last

section.

NREGS Employment

The decrease in non-farm self-employment could be driven by NREGS employment di-
rectly. It is, unfortunately, difficult to tease out this direct effect using the NSS data since
the decision to allocate one’s labor to NREGS or non-farm self-employment is endoge-
nous. One possibility is to include days in public works as a covariate, which is what I
do in Table 2.9. With the caveat that days in public works is unlikely to be exogenous
with respect to days in non-farm self-employment, Table 2.9 presents the main results but
including public works as a covariate. Not surprisingly, the coefficient on public works is
negative and highly significant; those individuals that engage in public works employment
significantly decrease their time in non-farm self-employment. However, the estimated ef-
fects of the program are almost completely unchanged. This suggests that other factors

— such as the increasing wage rate — are responsible for the significant shift out of non-
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Table 2.9: Effect of NREGS - Public Works Days as Covariate

(H
aysinNFSelf-Emp.

Days of Public Works (log) —0.100%**

(0.006)

-0.015
Post times NREGS (Rainy)

(0.016)

-0.043%*
Post times NREGS (Dry)

(0.018)

Yes
State/Wave
Interview Month/Wave No
Observations 366173

The dependent variable in all columns is log of days of non-farm self-employment plus one. Standard
errors are in parentheses and clustered at the district level. All regressions are defined at the individual
level. All regressions use the NSS and are weighted to be representative of the population. District
fixed effects are included in all regressions. Individuals between 15 and 60 years of age are included
in estimation. Column one includes total number of days (log + 1) of non-farm self-employment the
individual reported engaging in during the previous week. The dependent variable in column two equals
one if the individual reported engaging in any non-farm self-employment during the previous week. In
both regressions, log of days of public works is included as a covariate.

# p<0.1 ** p<0.05 *** p<0.01

farm self-employment, not direct access to NREGS employment. However, this finding
is also consistent with diversification into non-farm self-employment serving as a risk-
management strategy. If individuals believe they will have access to remunerative forms of
employment in the case of an adverse shock — crop failure caused by drought, for example
— then they may choose to no longer engage in non-farm self-employment even if they are
not participating in NREGS at the time the decision to exit the sector is made. The next

two subsections focus on these possibilities.

Wage Increase

The above results suggest that non-farm self-employment has a relatively large propor-
tion of subsistence enterprises, since workers are more likely to substitute out of these en-

terprises than other employment options following an increase in the wage rate. However,
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the empirical effect documented above is not necessarily due to the wage increase alone.
To further investigate this possibility, I next present evidence that lower-wage industries

see larger effects after NREGS implementation.

Figure 2.5 presents the industry wage in 2004/05 on the x-axis and the industry preva-
lence, measured as percent of individuals that worked in that industry, in 2004/05. The NSS
unfortunately does not include data on self-employment income. Thus, it is impossible to
construct a measure of self-employment income by industry using the NSS. As such, the
wages are constructed using casual workers, not non-farm self-employment workers. The
assumption I make is that patterns of the overall wages in that industry reflect patterns of
self-employment income in that industry, as well, which seems plausible. Table 2.A2 in the
appendix presents these numbers in table form. There appears to be a relationship between
wage and prevalence, with more prevalent industries (e.g. retail trade, clothing manufac-
turing, and other) also being those with lower wages. This is consistent with households
entering less productive industries, which may require less capital and, thus, have lower

barriers to entry (Haggblade et al., 2010).

Given that the dry season may make low-return entrepreneurship more likely, we might
expect to see differences in industry prevalence across seasons. Figure 2.6 explores this
possibility. Manufacture (clothing) — on the far left of the figure — has the lowest average
wage in 2004/05, while manufacture (wood) — on the far right — has the highest wage. The
wage is increasing from left to right. Interestingly, clothing manufacturing and retail trade,
two industries with the highest prevalence and lowest wages, also show the largest absolute
differences in prevalence between the rainy and dry seasons. This is again suggestive of

households opening low return enterprises during the dry season.

Given these findings and the fact that NREGS increased wages significantly in the dry

season but had no effect in the rainy season, if the wage increase is partly responsible for
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Figure 2.5: Industry Prevalence and Wages - 2004/05
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Figure 2.6: Industry Prevalence by Season - 2004/05
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the decrease observed in the previous section, we would expect the effect of NREGS on
industry prevalence to be driven by the wage rate prior to its implementation in the dry
season but not the rainy season. Figure 2.7 presents results from a set of regressions. For
each industry, a single regression of the effect of NREGS was estimated for both the dry
and rainy season. Panel A presents the results for the dry season in graphical form. The
individual points indicate the effect for an individual industry, while the line is an OLS
line of best fit for the relationship, weighted by initial industry prevalence. In line with
expectations, the effect of NREGS on industry prevalence is largest (most negative) for
industries that had the lowest wages prior to implementation of the program. Even with
only 15 industry categories, the effect is close to significant (p=0.105).° In fact, of the
six lowest wage industries, three of them saw the largest effects of the program. Similarly,
only three industries saw an increase in prevalence due to the program, two of which had
the highest wages prior to implementation. Panel B explores the same relationship during
the rainy season. The relationship between initial wage and the effect of NREGS is qualita-
tively small and in the opposite direction. Overall, Figure 2.7 presents additional evidence
that the effects of NREGS are concentrated in lower return enterprises operated in the dry

s€ason.

Previous research suggests that local demand is an important aspect in the growth of non-
farm enterprises. In particular, this research has found that local agricultural productivity
partly determines the fortunes of local non-farm enterprises (Hornbeck and Keskin, 2012;
Santangelo, 2016). This is especially true for enterprises that sell their goods only locally,
as opposed to enterprises that produce goods for export to other regions of the country or
even internationally. It seems plausible that lower wage industries are more likely to rep-
resent enterprises that sell their goods locally (or, perhaps more accurately, higher wage

industries are more likely to produce tradables). If true, this reinforces the results above

20The p-value is constructed by bootstrapping 1,000 replications of the multi-step estimator.
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Figure 2.7: Effect of NREGS by Industry Wage
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and suggests they might even be underestimates of the true (direct) impact of the program;
even with increases in household income and consumption due to NREGS, the prevalence

of low-wage industries declined markedly in treated districts relative to untreated districts.

NREGS as Insurance?

Another possible mechanism is risk. Income diversification is a common risk-management
strategy in developing countries (Barrett et al., 2001). This is especially true in areas that
rely on agriculture, as agricultural production is generally considered to be a risky under-
taking in developing countries due to its reliance on rainfall. Individuals can use non-farm
self-employment to either manage risk ex ante or cope with risk ex post, following an
unexpected shock (Reardon, 1997). If NREGS serves as an implicit form of insurance —
guaranteeing individuals employment and a minimum income following a negative shock
— then individuals may close any non-farm enterprises that operated principally as a form

of risk management.

The most obvious “risky” activity for most households in rural India is agriculture. Rain-
fall can be highly variable from year to year, which also causes variability in income. This
suggests that insofar as non-farm self-employment serves as a risk-management activity, in-
dividuals in areas with higher rainfall variability are more likely to diversify into non-farm
self-employment. However, households and individuals may operate a non-farm enterprise
not just in expectation of possible shocks, but also explicitly in response to a shock. As
such, we might also expect individuals to increase their labor allocation to non-farm self-

employment following negative rainfall shocks.

Before examining whether these mechanisms might be responsible for the demonstrated
effects of NREGS, I first present evidence regarding whether the above assumptions about

the operation of non-farm enterprises are indeed true. In Table 2.10, I present estimates
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using the ARIS/REDS data, which are at the household level, of whether the effects of
NREGS are correlated with rainfall variability. In all columns, I continue to include cur-
rent rainfall, current rainfall squared, previous year’s rainfall, and previous year’s rainfall
squared. In addition, I allow the effects of rainfall to vary by NREGS status. The inclusion
of these rainfall variables should help ensure that any effects attributed to rainfall variability

are not confounded with current rainfall increasing (or decreasing) rainfall variability.?!

In column one, I explore whether rainfall variability affects the decision to diversify
into non-farm self-employment. The coefficient on the standard deviation of rainfall is
positive and marginally significant (p=0.168), which I interpret as suggestive evidence that
households are more likely to operate non-farm enterprises in areas with higher rainfall
variability, at least in the ARIS/REDS sample. In columns two through four, I present
triple-difference estimates of whether the effect of NREGS varies by risk, proxied by the
standard deviation of rainfall. The corresponding coefficient in Table 2.10 is Post times
NREGS times Rain SD. In all three columns, the triple interaction is negative and highly

significant (p<0.05).

These results show that the effect of NREGS is larger (more negative) in areas with
more variable rainfall. In other words, individuals are more likely to substitute out of non-
farm self-employment in areas of riskier agricultural production. This finding is consistent
with non-farm self-employment playing an important role as a risk-management strategy
in rural India and with NREGS offering an alternative option for risk management (or risk

coping).?

21T choose the ARIS/REDS data due to the fact that it contains latitude and longitude information for villages.
The NSS data are aggregated to the district level, so any rainfall variables are necessarily constructed with
a single value for the entire district.

22Moreover, in results available upon request, I show that the effect of current rainfall does not mediate the
effects of NREGS on non-farm self-employment. In other words, the effect appears to be driven by rainfall
variability rather than levels.
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Table 2.10: Rainfall, Risk, Non-Farm Self-Employment, and the Effects of NREGS

(D (2 3) 4)
NFE HH NFE HH Workers (log)  Days (log)
Rainfall SD 0.003 0.008%*%* 0.008*** 0.056%**
(0.002) (0.003) (0.003) (0.018)
Post times NREGS times Rain SD —0.002%* —0.002%=* —0.012%=*
(0.001) (0.001) (0.006)
Post times NREGS 0.336* 0.362 2.057
(0.199) (0.227) (1.404)
State/Wave Yes Yes Yes Yes
Month Yes Yes Yes Yes
Observations 11674 11674 11674 11674

Standard errors are in parentheses and clustered at the district level. All regressions are at the household level. All regressions use
the ARIS/REDS. District fixed effects are included in all regressions. The ARIS/REDS data has spatial information at the household
level, so coefficients are identified by variation within districts in rainfall variability.

# p<0.1 ** p<0.05 *** p<0.01

Credit Market Failures

The preceding model makes an important assumption: non-farm capital is fixed. If we
relax this assumption, comparative statistics can change, especially if we introduce non-
convexities. However, a change requires other market failures; if credit and savings markets
function well, households will employ an efficient level of capital (Blattman et al., 2013).
Without credit and savings markets, households may not be able to overcome entry barriers.
Much evidence suggests that credit markets do not function particularly well in developing
countries (Blattman et al., 2013; Haushofer and Shapiro, 2016; Bandiera et al., 2017). In
addition, without access to savings accounts, many households may fail to save, making
short-term decisions that do not align with their long-term interests (Frederick et al., 2002;
Blattman et al., 2013). These common market failures result in non-convexities in produc-
tion that have a number of implications, possibly including poverty traps (Banerjee and

Newman, 1993; Aghion and Bolton, 1997; McKenzie and Woodruff, 2006).

The combination of credit/savings market failures and non-convexities — e.g. high start-

up costs — may prevent poorer households from engaging in more remunerative non-farm
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employment. McKenzie and Woodruff (2006) point out three important implications, two
of which are especially germane to the present discussion. First, the number of firms in the
market is not efficient. In particular, there are not enough firms because some would-be
entrepreneurs are not able to overcome the start-up costs and thus do not enter the market.
Second, entrepreneurs that are able to overcome entry barriers may still not produce at an

efficient level if they are not able to invest sufficiently in capital.

These two possibilities present difficulties for the simple model above. We can incorpo-
rate non-convexities in production in a simple way, by allowing for two different types of
enterprises: a less productive type that requires little to no capital and a more productive
type with substantial barriers to entry. This is not unlike some dual-sector models, with a
more informal — but less productive — sector acting as a queue for employment in a formal,

more productive sector (Harris and Todaro, 1970; Fields, 1975).

The model in the previous section unambiguously predicts a decrease in non-farm self-
employment due to an increase in the prevailing wage. However, if the wage change in-
creases household income sufficiently to overcome entry barriers, some households may
actually enter into non-farm self-employment. In fact, some previous studies have found
that the program increased asset accumulation and savings (Deininger and Liu, 2013; Ravi
and Engler, 2015; Deininger et al., 2016). If this mechanism is operating, then the pre-
vious estimates of the effects of NREGS on days in non-farm self-employment might be

underestimating the “true” wage effect of the program.

Credit market failures may prevent households from entering remunerative forms of non-
farm self-employment if there are substantial startup costs. If this is the case, we should
see heterogeneity in the effect of NREGS on non-farm self-employment based on access
to credit. The ARIS/REDS includes a village-level module with information on distance to

the nearest bank. If credit market failures are preventing some households from entering
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Table 2.11: Effect of NREGS and Access to Financial Institutions

(H 2 €)]
Bank Rural Bank Cooperative
Post times NREGS times Financial —0.014 —0.013 0.000
Institution Dummy (0.048) (0.051) (0.045)
Post times NREGS —0.153** —0.165%* —0.165%*
(0.071) (0.066) (0.071)
State/Wave Yes Yes Yes
Month Yes Yes Yes
Observations 11674 11674 11674

Standard errors are in parentheses and clustered at the district level. All regressions are at the household level. All regressions use
the ARIS/REDS. District fixed effects are included in all regressions. The financial institution in the first through fourth columns are
a bank, rural bank, cooperative, and money lender, respectively. Distances are defined from the enumerated village.

# p<0.1 #* p<0.05 *#* p<0.01

non-farm entrepreneurship, we should see a larger effect of NREGS where these market
failures are more likely. In Table 2.11, I assume being located closer to a financial insti-
tution improves access to credit or savings. If credit markets are preventing households
from entering non-farm self-employment, then (ceteris paribus) households closer to credit
should see a more negative effect of NREGS, since the program would be alleviating less

of a market failure than for households farther from credit.

In all three columns of Table 2.11, the dependent variable is an indicator variable for
whether the household operates a non-farm enterprise. If the alleviation of credit market
failures is mitigating the negative effects of NREGS on non-farm self-employment, then
we expect to see positive coefficients on the triple interaction terms. In all three cases, the
coefficient is small and insignificant, suggesting households located farther from a financial
institution react similarly to the implementation of NREGS as households located closer to
a financial institution. As such, it does not appear that NREGS has provided any alleviation

of credit constraints.

However, distance to a financial institution may be correlated with other omitted variables

that may mediate the effects of NREGS. In particular, distance to a financial institution
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may be correlated with local wages or distance to other locations, such as large towns or
markets. If this is true, then the results in Table 2.11 may be biased. To alleviate some
concerns regarding this possibility, I present further results in appendix tables Table 2.AS,
Table 2.A9, and Table 2.A10. In each table, the first column replicates the results for
the first column in Table 2.11. The second column adds a control for the local village-
level wage in 1999 (prior to NREGS). The third column adds an additional control for
village population. The fourth column adds additional controls for distance to the district
headquarters as well as distance to the nearest large town. The addition of these controls has
little effect on the estimated effect of NREGS by distance to the nearest financial institution.
Finally, Table 2.A11 of the appendix presents correlations for the distance variables and

shows that the lack of significance is not likely to be driven by multicollinearity.

2.6 Conclusion

In this paper, 1 present evidence that implementation of the Mahatma Gandhi National
Rural Employment Guarantee Act induced significant changes in the rural non-farm self-
employment sector. The program led to a decrease in the prevalence of non-farm self-
employment at both the household and individual level. Overall, the evidence suggests that
the program reduced individuals’ reliance on less remunerative forms of non-farm self-

employment and offered these households an alternative risk-management option.

It is important not to read the results as suggesting that non-farm self-employment serves
little purpose in rural India. While individuals substitute out of non-farm self-employment
following the rural wage increase, non-farm self-employment was still the utility-maximizing
form of employment available to these individuals prior to the introduction of the program.
In reality, without access to this form of employment, the incomes of the poorest house-

holds are likely to be even lower (Lanjouw, 1999). With this in mind, it appears that
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NREGS is working as intended, even if not directly through the program; introduction of
NREGS has allowed at least some individuals to move out of lower return non-farm self-

employment and into higher return alternatives.

Similarly, the results presented in this paper do not suggest no enterprises within the
sector are worth being promoted; the rural non-farm sector is heterogeneous, and so is
non-farm self-employment (Haggblade et al., 2002). There is unlikely to be a single pol-
icy appropriate for the entire sector (Lanjouw, 1999). Rather, the results suggest we need
to improve our understanding of which kinds of self-employment have growth prospects
and which kinds of self-employment serve as an economic refuge for the poor. The forces
driving the results in this paper are likely related to the forces driving heterogeneity in the
effects of microfinance, more generally (Morduch, 1999; Karlan and Morduch, 2009), and
the effects of microfinance on non-farm entrepreneurship, specifically (Haggblade et al.,
2002). Recognizing this heterogeneity and focusing on entrepreneurial support as a liveli-
hood strategy rather than a driver of growth may be more effective as a poverty-reduction

strategy (Cho et al., 2016).

A final note regarding the benefits of the Mahatma Gandhi National Rural Employment
Guarantee Act is warranted. While the current results indicate some individuals are leaving
behind less remunerative forms of employment, this says nothing of the overall benefits
and costs of the program. In fact, these results also suggest caution when interpreting
the overall benefits. Some individuals appear to be substituting time in non-farm self-
employment for time in NREGS. For these individuals, the relevant “benefit” is not the
overall wage received from the program, but rather the difference between the program
wage and the self-employment wage. This finding has important implications for benefit-
cost analysis of the program, of which previous attempts have been somewhat pessimistic

(Murgai et al., 2015). However, the fact that NREGS also appears to offer households an
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alternative risk-management strategy means that a simple comparison of monetary returns
is not the relevant comparison these households make. As such, the results in this paper and
others (Gehrke, 2014; Zimmermann, 2015) also suggest that a more through accounting of

the benefits of NREGS is required.
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Table 2.A1: District-Level Controls

Variable Source

Population 2001 Census
Percent rural 2001 Census
Area 2001 Census

Casual wage

Percent scheduled castes
Percent scheduled tribes

Sex ratio

Literacy rate

Labor force participation rate
Labor force composition
Agricultural productivity
Rainfall for previous year
Rainfall for current year

2004/05 NSS

2001 Census

2001 Census

2001 Census

2001 Census

2001 Census

2001 Census

2000-2001 Agricultural Census

University of East Anglia’
University of East Anglia

! http://www.cru.uea.ac.uk/data



Table 2.A2: Summary Statistics - Non-Farm Self-Employment Industries

Pre-Program (2004/05)
Operation (Yes=1) Wage (Rupees)

Manufacturing (wood) 0.004 85.289
Manufacturing (furniture) 0.001 81.175
Transport 0.004 70.657
Hotel and restaurant 0.002 70.075
Construction 0.003 68.511
Trade (wholesale) 0.001 66.583
Manufacturing (metal) 0.001 64.194
Other industries 0.008 59.375
Education 0.001 57.191
Manufacturing (food) 0.003 56.479
Trade (retail) 0.020 55.233
Manufacturing (non-metallic) 0.002 54.819
Other services 0.004 53.286
Motor vehicle repair 0.000 51.136
Manufacturing (clothing) 0.007 49.374
All industries 0.069 65.125
Observations 398006

All statistics are weighted and are from the 2004/05 NSS, which was collected prior to implementation of
NREGS. The first column shows the prevalence of each industry. For example, 0.4 percent of individuals
reported engaging in manufacturing (wood) as non-farm self-employment. The second column is mean
wage for each industry. However, wages are defined for all workers in the industry, since those individuals
reporting non-farm self-employment do not report earnings in the NSS.



Table 2.A3: Summary Statistics - All Individuals over Ten

Pre-Program (2004/05)

ey @)
NREGS Non-NREGS
Wage (R’s) 47.907 63.136
(25.675) (43.546)
Non-farm worker (last week - yes=1) 0.115 0.101
(0.319) (0.301)
Days non-farm self-employment (last week) 0.622 0.561
(1.904) (1.833)
Male 0.507 0.509
(0.500) (0.500)
Age 32.474 32.989
(16.977) (17.403)
Education 2.106 2.294
(1.391) (1.438)
Household head male (yes=1) 0.925 0.917
(0.263) (0.276)
Household head age 47.812 49.040
(12.702) (13.030)
Household head education 2.121 2.208
(1.491) (1.497)
Household size 6.150 6.154
(3.154) (2.966)
Percent children 0.304 0.285
(0.216) (0.214)
Percent prime male 0.314 0.320
(0.173) (0.178)
Percent prime female 0.304 0.307
(0.145) (0.148)
Percent elderly female 0.039 0.044
(0.098) (0.102)
Observations 159710 122403

Standard deviations are in parentheses. All statistics are unweighted and are from the 2004/05 NSS,
which was collected prior to implementation of NREGS. The first column includes all individuals in
NREGS districts. The second column includes all individuals in non-NREGS districts. Wage is in rupees.
Education is coded from 1-6: 1 indicates less than a primary education; 2 indicates a primary education;
3 indicates a middle-school education; 4 indicates a secondary education; 5 indicates a higher-secondary
education; and 6 indicates a college degree. The percent variables following household size are the
composition of the individual’s household. Children are defined as individuals under 15; prime males are
defined as males between 15 and 60 years of age; prime females are defined as females of the same age;
and elderly females are defined as females 60 or older. All individuals over ten years of age are included

in the statistics.



Table 2.A4: Effect of NREGS on Days of Non-Farm Self-Employment - Levels

By Season
(1) 2) 3
All Dry Rainy
Post times NREGS —0.094* —0.200%** 0.012
(0.049) (0.068) (0.058)
State/Wave Yes Yes Yes
Interview Month/Wave Yes No No
Observations 366876 182889 184044

Standard errors are in parentheses and clustered at the district level. All regressions are defined at the individual level. All regressions
use the NSS and are weighted to be representative of the population. District fixed effects are included in all regressions. Individuals
between 15 and 60 years of age are included in estimation. The dependent variable in all columns is the number of days of non-farm
self-employment (in levels).

# p<0.1 ** p<0.05 *** p<0.01

Table 2.AS: Effect of NREGS on Non-Farm Self-Employment - All Individuals over Ten

Individual level

(1 (2)
Self-emp (log days)  Self-emp (Yes=1)
Post times NREGS —0.020%* —0.010
(0.011) (0.006)
State/Wave Yes Yes
Interview Month/Wave Yes Yes
Observations 539813 539813

Standard errors are in parentheses and clustered at the district level. All regressions are defined at the individual level. All regressions
use the NSS and are weighted to be representative of the population. District fixed effects are included in all regressions. All
individuals over ten years of age are included in estimation. Column one includes total number of days (log + 1) of non-farm self-
employment the individual reported engaging in during the previous week. The dependent variable in column two equals one if the
individual reported engaging in any non-farm self-employment during the previous week.

* p<0.1 % p<0.05 #%* p<0.01



Table 2.A6: Effect of NREGS by Season - All Individuals over Ten

(1) (2)
Dry Season Rainy Season
Post times NREGS —0.043%** 0.002
(0.016) (0.014)
State/Wave Yes Yes
Observations 268672 271217

Standard errors are in parentheses and clustered at the district level. All regressions are defined at the
individual level. All regressions use the NSS and are weighted to be representative of the population.
District fixed effects are included in all regressions. All individuals over ten years of age are included
in estimation. Column one includes total number of days (log + 1) of non-farm self-employment the
individual reported engaging in during the previous week. The dependent variable in column two equals
one if the individual reported engaging in any non-farm self-employment during the previous week.

* p<0.1 ** p<0.05 *** p<0.01

Table 2.A7: Effect of NREGS on Non-Farm Self-Employment - Ordered Probit

By Season
(1 (2 3)
All Dry Rainy
Post times NREGS —0.119%* —0.228%** 0.013
(0.052) (0.073) (0.063)
State/Wave Yes Yes Yes
Interview Month/Wave Yes No No
Observations 366876 182889 184044

Standard errors are in parentheses and clustered at the district level. All regressions are defined at the individual level. All regressions
use the NSS and are weighted to be representative of the population. District fixed effects are included in all regressions. Individuals
between 15 and 60 years of age are included in estimation. The dependent variable in all columns is the number of days of non-farm
self-employment and takes on 15 possible values from zero to seven days in half-day increments. All results are estimated using

ordered probit.
* p<0.1 ** p<0.05 *** p<0.01



Table 2.A8: NREGS and Rural Banks

ey @) 3 “)
NFE HH NFE HH NFE HH NFE HH
Post times NREGS times Rural Bank Dummy —0.013 —0.021 —0.025 —0.012
(0.051) (0.050) (0.050) (0.051)
Post times NREGS —0.165**  —0.146**  —0.107 —0.135%
(0.066) (0.067) (0.076) (0.076)
State/Wave Yes Yes Yes Yes
Month Yes Yes Yes Yes
Village Wage (1999) No Yes Yes Yes
Village Population No No Yes Yes
Village Distance Variables No No No Yes
Observations 11674 11575 11238 11238

Standard errors are in parentheses and clustered at the district level. All regressions are defined at the household level. All regressions
use the ARIS/REDS. Due to sample size, district fixed effects are not included in the estimation. The dependent variable in all
columns is an indicator for whether the household operated a non-farm enterprise or not.

* p<0.1 ** p<0.05 *** p<0.01

Table 2.A9: NREGS and Cooperatives

(D @) 3) “
NFE HH NFE HH NFE HH NFE HH
1.postl.nregal.coop_dum 0.000 0.015 0.030 0.037
(0.045) (0.044) (0.044) (0.046)
Post times NREGS —0.165%*  —0.151**  —0.127 —0.158*
(0.071) (0.072) (0.080) (0.081)
State/Wave Yes Yes Yes Yes
Month Yes Yes Yes Yes
Village Wage (1999) No Yes Yes Yes
Village Population No No Yes Yes
Village Distance Variables No No No Yes
Observations 11674 11575 11238 11238

Standard errors are in parentheses and clustered at the district level. All regressions are defined at the household level. All regressions
use the ARIS/REDS. Due to sample size, district fixed effects are not included in the estimation. The dependent variable in all
columns is an indicator for whether the household operated a non-farm enterprise or not.

# p<0.1 #* p<0.05 #%* p<0.01



Table 2.A10: Effect of NREGS and Rural Banking

ey @) 3) “)
NFE HH NFE HH NFE HH NFE HH
1.postl.nregal.bank_dum —0.014 —0.025 0.008 0.006
(0.048) (0.051) (0.052) (0.050)
Post times NREGS —0.153**  —0.130%* —0.120 —0.137*
(0.071) (0.070) (0.075) (0.076)
State/Wave Yes Yes Yes Yes
Month Yes Yes Yes Yes
Village Wage (1999) No Yes Yes Yes
Village Population No No Yes Yes
Village Distance Variables No No No Yes
Observations 11674 11575 11238 11238

Standard errors are in parentheses and clustered at the district level. All regressions are defined at the household level. All regressions
use the ARIS/REDS. Due to sample size, district fixed effects are not included in the estimation. The dependent variable in all
columns is an indicator for whether the household operated a non-farm enterprise or not. Distances are defined from the enumerated
village. “Village Distance Variables” include distance to nearest town and distance to the district headquarters.

* p<0.1 #* p<0.05 *#* p<0.01
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Chapter 3

Spatially Heterogeneous Effects of a

Public Works Program

Most research on labor market effects of the Mahatma Gandhi National Rural Employment
Guarantee Scheme focuses on outcomes at the district level. This paper shows that such a
focus masks substantial spatial heterogeneity: treated villages located near untreated areas
see smaller increases in casual wages than treated villages located farther from untreated
areas. I argue that worker mobility, rather than spatial differences in implementation or
program leakages, drives this spatial heterogeneity. I also present evidence that the effects
of the program on private-sector employment display similar intra-district heterogeneity.
Finally, by exploiting the difference in wage changes over space, I show that a large portion
of consumption increases are driven by wage increases, not program employment. Overall,
these results suggest that a district-level focus underestimates the true effect of the program
on wages and also support the argument that increasing rural wages is an effective poverty-
fighting tool in developing countries.

Keywords: India, Public Works, Labor, Wages, Spillovers
JEL Codes: D50, H53, 138, 138, J46

66



Merfeld Dissertation

3.1 Introduction

India’s Mahatma Gandhi National Rural Employment Guarantee Scheme (NREGS)!, which
was launched in 2006 and is now rolled out throughout the country, is the largest public
works program in the world. In fiscal year 2015/16, the program generated more than two
billion persondays of labor and amounted to more than two percent of the federal govern-
ment budget.> Given the program’s size, it is perhaps unsurprising that it has spawned a

vast body of literature.

The program was phased in over three rounds, starting in 2006. However, this rollout was
not randomized; the poorest districts were generally the first to receive the program. As
such, while the phased rollout makes differences-in-differences attractive, the systematic
differences in district characteristics make the identification assumption of parallel trends
somewhat tenuous (Zimmermann, 2012; Sukhtankar, 2016). In addition, it is not clear what
treatment effect estimates averaged over the entire country measure, as implementation of
the program varies substantially from state to state and even from district to district (Liu
and Barrett, 2012; Ravallion et al., 2013; Dutta et al., 2014; Banerjee et al., 2015b; Imbert
and Papp, 2015). In reality, these estimates are the net effect of the program, inclusive of

implementation efficacy (Sukhtankar, 2016).

Despite these difficulties, a growing body of literature has analyzed the performance
and far-reaching effects of the program. This includes education (Afridi et al., 2012; Li
and Sekhri, 2013; Shah and Steinberg, 2015), nutrition and consumption/income (Liu and
Deininger, 2010; Jha et al., 2011; Ravi and Engler, 2015), and corruption (Imbert and Papp,
2011; Niehaus and Sukhtankar, 2013; Banerjee et al., 2015b; Muralidharan et al., 2016a).

The program was originally passed as the National Rural Employment Guarantee Act in 2005 and imple-
mented as the scheme starting in 2006. The program was renamed in 2009, but I use the old acronym
throughout this paper.

%Figures are from http://NREGS.nic.in/, the official program website.
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However, given the aims and scope of the program, much of the literature has focused
on its labor market effects. While findings vary, there is broad agreement agreement with
one basic fact: the program led to a modest increase in prevailing casual wages in rural
India (Azam, 2011; Berg et al., 2014; Imbert and Papp, 2015; Muralidharan et al., 2016b;
Sukhtankar, 2016).

In addition to a common finding, much of the literature examining the effects of the
program’s rollout on labor market outcomes shares another characteristic: it analyzes the
effects of the program at the district level (Azam, 2011; Zimmermann, 2012; Berg et al.,
2014; Imbert and Papp, 2015). This level of analysis is attractive for two reasons. First,
the program was rolled out at the district level. Second, given low levels of rural-to-rural
migration in India (Rosenzweig, 1988; Behrman, 1999; Anant et al., 2006; Munshi and
Rosenzweig, 2009), districts are often considered to be relatively distinct labor markets.
Empirical work in India has long focused on districts, especially for labor-market out-
comes; for non-NREGS examples, see, for example, Rosenzweig (1978, 1984), Jayachan-

dran (2006), Topalova (2010), Kaur (2014), and Shah and Steinberg (2017).

In this paper, I show that a district-level focus obscures substantial heterogeneity, with
important policy implications. I use the Additional Rural Incomes Survey/Rural Economic
Demographic Survey (ARIS/REDS), collected by the National Council of Applied Eco-
nomics Research, to show that wage changes due to the program are spatially heteroge-
neous. The first wave of the survey was collected prior to the implementation of NREGS
and the second wave was collected between the second and third phases on the rollout.
Importantly, unlike other datasets, I am able to identify the location of each village in the
survey using GPS data. For each district, I construct two geospatial variables: whether

phase one or phase two districts (“treated” districts) share a border with phase three dis-

3In this context, “casual wages” refer to wages in daily markets for labor. The duration of this type of contract
is generally only a day and the contract carries no expectation or promise of future work.
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tricts (“untreated” districts), and vice versa; and how long that border is. For districts that
border a district of the opposite treatment status (“border districts”), I construct a variable
for surveyed villages equal to their distance to the nearest district of the opposite treatment

status.

With these variables, I first document differences in households within districts. In line
with previous NREGS studies, phase one and two districts had much lower wage rates
prior to implementation of the program than phase three districts (Zimmermann, 2012;
Imbert and Papp, 2015). However, this difference attenuates within 9 kilometers of the
border between treated and untreated districts; in other words, districts on either side of
the border are more similar to one another than the average treated and untreated village. I
then estimate the effects of NREGS by slowly restricting estimation to villages closer and
closer to the border. While there are large effects on casual wages when all households
are included in the estimation, the estimated effect starts to attenuate around 15 kilometers
from the border between a treated and untreated district and the estimated effect completely
disappears when looking only at households located within six kilometers of the border. In
addition, this attenuation begins earlier and is stronger for male wages than for female
wages, consistent with a model in which women face higher travel costs — which may not

be strictly monetary — than men.

I then further explore whether this heterogeneity is due to failure of the identification as-
sumption of parallel pre-program trends, differences in NREGS implementation, or spillovers.
While data issues prevent me from explicitly testing the identification assumption using
the ARIS/REDS data, I present graphical evidence that pre-program trends, from 1982 to
1999, are unlikely to be responsible for the results. In addition, an analysis of aggregated
district-level data using the National Sample Survey shows that treated districts that share

a larger portion of their border with untreated districts see a smaller increase in the wage
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than treated districts that share a smaller portion of their border with treated districts, a
finding which supports results using the ARIS/REDS. Moreover, while this effect is seen
using the pre- and post-program data, there is no such effect when using two pre-program
waves, which supports the assumption of parallel trends in treated and untreated districts,

at least with regards to spatial heterogeneity.

I then offer several other pieces of evidence to explore the source of this heterogeneity.
First, NREGS implementation apparently does not differ by distance to border; a number
of NREGS variables from 2012-2013 — including number of days of employment created
and total labor expenditures — are uncorrelated with the distance variable. Second, I show
that this pattern is only seen in border districts. If districts in different phases were on dif-
ferent trends prior to the program or if households located in different locations within a
district were trending differentially — for example due to differences in implementation due
to geographic location — we should see an attenuation in the effect for non-border districts,
as well. However, there is no attenuation in the estimated impact of the program in these
districts. Then, I show that program leakages do not appear to explain the attenuation.* Fi-
nally, I show that untreated households living close to the border commute longer distances
to casual non-farm employment. I interpret this as evidence of a type of “wage arbitrage”
— workers moving to higher-wage opportunities — with the eventual result being a smaller
increase of the casual wage in border villages of treated districts. The spillover effect ap-
parently operates in the direction of treated districts; laborers from untreated districts travel

into treated districts in response to the program.

I find insignificant — though somewhat large and imprecisely estimated — overall effects
of the program on private-sector employment. The finding is consistent with other studies

that have found evidence NREGS crowds out some types of private employment (Zimmer-

“In this context, I define the possibility that untreated villages had access to NREGS as leakages.
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mann, 2012; Imbert and Papp, 2015; Merfeld, 2017a).> However, this finding again masks
substantial heterogeneity: the effects on private employment appear to mirror the effects on

wages, with interior areas seeing decreases in private employment relative to border areas.

Finally, I examine the effects of the program on household per capita income. Interest-
ingly, the effects again appear to be highly correlated with the wage increase: estimated
increases in household income towards the interior of treated districts almost completely
disappear at the border. While most previous research on the effects of NREGS on con-
sumption or income (Liu and Deininger, 2010; Jha et al., 2011; Ravi and Engler, 2015)
necessarily calculates the total effects of the program — that is, the net effect of both access
to employment and an increase in the prevailing wage rate — I am able to disentangle these
effects. Using the fact that wages are unchanged at the border, I assume that any effects
on income at the border are due to access to program employment — not a wage increase —
while effects in the interior of treated districts are due to both. While imprecision prevents
me from calculating the exact percent of the consumption increase that is due to the wage
increase, results suggest it is substantial. This estimate supports recent experimental esti-
mates that the majority of program effects operate through wage increases (Muralidharan

et al., 2016b).

This paper contributes to three separate bodies of literature. First, I provide further ev-
idence of the broad labor-market impacts of NREGS (Azam, 2011; Zimmermann, 2012;
Berg et al., 2014; Imbert and Papp, 2015; Muralidharan et al., 2016b) as well as pub-
lic works programs, more generally (see, e.g., Subbarao et al. (2003) and Beegle et al.
(2017)). However, unlike most previous studies, I am able to explore the spatially hetero-
geneous impacts of the rollout of the program. Consistent with the literature, I find overall

increases in the wage rate. However, I also find that the estimated increase disappears at

SWhile this result is expected in competitive markets, the theoretical result is ambiguous under non-
competitive markets (Basu et al., 2009).
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the border with untreated districts. In addition, increases in the prevailing wage apparently
explain a substantial portion of overall effects on household income. This finding suggests
that increasing the wage rate in rural areas may be an effective tool in the fight against
poverty. Finally, the importance of wage increases may help explain the results of recent
studies that find few effects of public works programs (Beegle et al., 2017), since many of

these programs may be too small to have appreciable effects on prevailing wages.

In addition, some previous research finds that NREGS had a larger impact on female
wages than male wages (Azam, 2011). This study presents evidence that men are more
mobile than women and that the effect on male wages attenuates sooner than the effect on
female wages. It true, district-level difference-in-differences estimates of the effect on male
wages may be underestimating the true impact of the program more than the estimates of

the effect on female wages, explaining part of the gender effects.

Second, this study sheds some light on the functioning of labor markets in India (Jay-
achandran, 2006; Kaur, 2014). While spot markets for casual labor in India are generally
assumed to work relatively well (Rosenzweig, 1980), it is unlikely that markets are com-
plete (Rosenzweig, 1988; Behrman, 1999). These results suggest that labor is somewhat
mobile, albeit within a relatively small radius of around 15 kilometers. In addition, while
the minimum wage is unlikely to bind or be enforced in many developing country contexts
(Behrman, 1999), NREGS appears to operate as a de facto minimum wage, increasing the

bargaining power of casual laborers (Basu et al., 2009).

Finally, I contribute to the literature on treatment effects and spillovers of public policy
interventions in developing countries (Duflo, 2000; Miguel and Kremer, 2004; Angelucci
and De Giorgi, 2009; Cunha et al., 2011). In particular, this study reinforces the impor-
tance of capturing general equilibrium effects when evaluating large public programs and

that failure to do so may result in biased estimates of the program’s impact (Muralidharan
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et al., 2016b). In addition, the focus on the district-level effects of NREGS theoretically
underestimates the true effect of the program in two ways: the wage in untreated districts
increases more in areas closer to treated districts than in areas farther from treated districts,
while the wage in treated districts increases less in areas closer to untreated districts than in
areas farther from untreated districts. The treatment effect we are interested in is the effect
of the program on wages absent spillovers since the program will be expanded throughout
the country. Yet, a district-level focus overestimates the counterfactual wage in untreated
districts and underestimates the wage in treated districts, although the latter effect appar-
ently dominates in the present study. These two facts lead to an underestimate of the true
wage effect of the program.® With this in mind and insofar as increasing rural wages is
an explicit goal of policymakers, NREGS may have been more effective than previously

estimated.

The closest paper to this one is Muralidharan et al. (2016b), who study the randomized
rollout of an improvement in the implementation of NREGS. They find similar spatial ef-
fects and at similar distances. Their paper is different in two important respects. First, their
randomized intervention provides a cleaner identification strategy and cleaner estimates
of the intervention’s impacts. However, they randomize improvements only in Andhra
Pradesh. Since Andhra Pradesh consistently performs better than other states in implemen-
tation of NREGS (Banerjee et al., 2015b; Imbert and Papp, 2015), it is not clear whether
their findings would translate to other Indian states. Second, they do not study the imple-
mentation of the program itself. Rather, they estimate the effects of a technological reform
that improved implementation of the program. This study, on the other hand, examines the

effects of the program when it is first rolled out. Given these differences, one might expect

®While I refer to the effect “disappearing” at the border, it is important to keep in mind that the program has
very real effects at the border. In particular, the wage in both treated and untreated districts increases. As
such, it is not so much that the effect disappears; rather, the identification strategy results in an underestimate
of the actual effect of the program.
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findings to differ. However, the results presented in this paper also suffer from one major
limitation: they are imprecisely estimated and much larger than previous estimates of the
program’s impacts. Nonetheless, the pattern is clear and the overall findings from both
studies are largely similar, suggesting that the effects found in both studies are driven by
mechanisms common to all of India and not specific to Andhra Pradesh. I argue that labor

mobility is one such mechanism.

The rest of the paper is organized as follows. In the next section, I describe the operation
of NREGS. Section 3 develops a simple model to explain possible heterogeneity in the
effect of NREGS on wages. I discuss the methods and data in Section 4 before moving to

results in Section 5. Section 6 concludes.

3.2 The Program

The Mahatma Gandhi National Rural Employment Guarantee Act was passed in 2005 after
“more than a decade of sustained high growth in GDP... was perceived not to have made a
sufficient dent in poverty in the rural India” (Azam, 2011, p. 1). The program guarantees up
to 100 days of employment to any rural household that requests it. Employment is varied,
but is generally focused on improving productivity in rural areas by building infrastructure,
including irrigation, roads, and land improvements (Liu and Deininger, 2010). Unlike
previous workfare programs, NREGS is explicitly designed as an employment guarantee;
a household has the right to demand — and receive — employment. However, in practice,
supply-side constraints are often binding, resulting in substantial unmet demand (Ravallion

et al., 2013; Dutta et al., 2014; Mukhopadhyay et al., 2015).

In order to demand employment, households must first apply for a job card. The house-

hold applies for the card at the local Gram Panchayat (GP)’ and the card includes a picture

"The Gram Panchayat is the lowest level of administration in the Indian federal structure and generally con-
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of every household member eligible for the program. With this card in hand, household
members can request employment. According to the design of the program, individuals re-
quest work from their local GP, and the legislation stipulates that work be assigned within
five kilometers of the individual’s place of residence, otherwise a travel stipend is to be
provided (Azam, 2011). If individuals do no receive employment within 15 days of re-
questing it, they are eligible for unemployment allowance. However, underreporting of

unemployment is common and unemployment compensation is rare (Sharma, 2009b).

The program’s design begets a relatively complicated funding structure. The federal
government is responsible for all unskilled wages and 75% of skilled wages and materials,
while states are responsible for the remaining 25% (Azam, 2011). As such, funding flows
from the federal government to the state before being dispersed through lower administra-
tive levels and eventually to the GP’s account, while funding requests from GPs to the state

also flow through two separate administrative levels (Banerjee et al., 2015b).8

Several specific features of the program are worth noting. First, the minimum wages set
by the program’ are self-targeting and are relatively low (and the labor relatively difficult)
so that only needy households will apply for employment. Nonetheless, program wages
vary from state to state, and some wages were set above prevailing wage rates at the start of
the program. In some cases, program wages were more than double the prevailing wage rate
at the time, especially for women.!” Second, the program guarantees equal wages to both
men and women and also mandates that a certain number of beneficiaries be women.!! In

addition, childcare at worksites is required so that mothers with young children can partic-

sists of several villages.

8GPs request funding from the block, which is one administrative level above the GP. Subsequently, the block
forwards requests to the district, which then requests funding from the state pool. Banerjee et al. (2015b)
provide an excellent overview of this process.

9The original legislation allows the states to define the program wage, as long as it is above the legislated
minimum.

Ohttp://www.levyinstitute.org/pubs/EFFE/Mehrotra_Rio_May9_08.pdf

"'"The legislation state that “priority shall be given to women in such a way that at least one-third of the
beneficiaries shall be women who have registered and requested for work under this Act” (?, p. 14).
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ipate in the program. However, many worksites do not adhere to this childcare requirement
(Khawlneikim and Mital, 2016; Khera and Nayak, 2009; Reddy and Upendranadh, 2010;
Sharma, 2009b).

Given the demand-driven nature of the program, implementation is relatively decentral-
ized, with employment and worksites started and administered by the GP. While the GP
is the basis for employment generation, the program was rolled out at the district level,
in three phases. Districts in the first phase received the program in 2006, districts in the
second phase received the program in 2007, and districts in the third phase received the
program in 2008. Given the phased rollout, the majority of research on the labor-market
effects of NREGS utilize differences-in-differences. However, the rollout was not random-
ized. Rather, the Indian government assigned districts to phases based on a government-
constructed rating, which resulted in the poorest districts generally receiving the program
first (Zimmermann, 2012). While the rating used to assign districts to phases is not publicly
available, underlying data used in the construction of this rating are available in the 2003
report from the Planning Commission (Planning Commission, 2003; cited in Zimmerman,
2012). These ratings show that earlier phase districts tended to be poorer and have more
scheduled castes/tribes, lower agricultural productivity, and lower wages. As such, there are
concerns regarding the identification assumption of differences-in-differences, that treated
districts and untreated districts had identical labor-market trends prior to implementation

of the program.

3.3 Model

Before discussing the data and methods, I present a simple model of the program’s effects.
Much of the model below is borrowed from Imbert and Papp (2015), but with the addition

of household types and travel costs. There are two types of households, denoted by super-
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scripts 7 = 1, 0, where 1 denotes a household with access to NREGS (“treated” household)
and 0 denotes a household without access to NREGS (“untreated” household). For treated
and untreated households, the total labor endowment, T, consists of leisure and total labor
supplied. For treated households, total labor supplied includes labor supplied to the mar-
ket, Lil’T; labor supplied to household production, Lg’f - NREGS labor, L*V; and leisure,
I'. Thus, the total labor endowment is given by T = L'" + LI/ 4 L'V 4 [!, and labor

allocation is allowed to vary by households <.

Treated and untreated households are assumed to reside in separate locations, and, as
such, can face separate equilibrium wages, denoted w’. However, in this model, I assume
wages are the same in the pre-program period'? and both treated and untreated house-
holds in the pre-program period resemble untreated households in the post-program period.
Treated households have access to rationed NREGS labor, L, and treated households al-
locate labor up to the rationed level. I model NREGS labor this way since actual labor is
supplied well below the program maximum of 100 days due to rationing, which is common
(Ravallion et al., 2013; Dutta et al., 2014; Mukhopadhyay et al., 2015). Treated households
also engage in home production, with total labor demanded including both household la-
bor, L; /" and hired labor, LZ-1 "' Households are assumed to maximize a utility function with

respect to both consumption, -}, and leisure. The problem for treated households is thus

max  u(z},l}) 3.1)

1 pLf LT Lk
xp, Ly Ly L

"2This is an assumption which greatly simplifies the model. Since I empirically estimate effects using
differences-in-differences estimates, allowing the wage to differ in the pre-program period has no effect
on the hypothesized change in wages.
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subject to

ol < ALY + LY =0T LY 4 0T LT+ wt LYY

T=0L""+ L + LYY 412,

where w! is the NREGS wage rate, exogenously fixed by the state government. Finally,
f(-) is the household production function, which satisfies the usual assumptions — f’(-) > 0
and f”(-) < 0 — household and hired labor are assumed to be perfectly substitutable, and
A; is a productivity factor, which differs by household. Without the addition of untreated
households and as shown by Imbert and Papp (2015), households with high A; will be net
demanders of labor and households with low A; will be net suppliers of labor. In addition,

T

an increase of NREGS employment, L%V, increases the prevailing wage rate, w’, and

decreases private-sector employment.

Let us now consider the addition of untreated households, which do not have access
to NREGS labor. However, untreated households are able to travel to the treated area
to engage in casual work. Travel is costly, with costs ¢;(d;), where d; is distance. In
addition, costs are increasing in distance: ¢(-) > 0. Without loss of generality, assume
all untreated households reside in the same location and face the same travel costs, so that
¢i(d;) = ¢(d). Thus, the total labor endowment for untreated households includes labor
supplied to the market in untreated areas, L?’U; labor supplied to the market in treated
areas, L?’T; labor supplied to household production, L?’f ; and leisure, l? . The problem for

untreated households is

u (z,19) (3.2)
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subject to

o) = Aif (LY + L") — w' LY + LYY + (w' — e(d)) LY

7

T=r" 4+ 12 419 410,

Note that the wage an untreated household receives for casual labor in the treated area is

given by the net of actual wage minus travel costs, or w’ 1c(d).

To solve this problem, it is sufficient to examine the first-order conditions of untreated
households. In the model above, the wage will be strictly higher in treated districts with
no travel. As such, even if I allowed for the allocation of labor by treated households in
untreated districts, no households would allocate positive amounts of labor. As such, any

equilibrium will be driven only by movements of untreated households.!?

Intuitively, untreated households will allocate labor to casual labor in treated areas such
that the wage rate in treated areas is higher than the wage rate in untreated areas by exactly
the travel cost, ¢(d). In other words, with no labor market frictions other than travel costs,
labor is allocated to the point that w' = w® + ¢(d). To see this, first note that untreated
households will equate their marginal utility of working in untreated and treated areas.
For example, suppose the equality does not hold, and w! > w" + ¢(d). Then, untreated
households will reallocate labor from the untreated area to the treated area in order to equate
marginal utilities across labor types. This reallocation increases labor supply in treated
areas, decreasing the wage, and decreases labor supply in untreated areas, increasing the
wage. This continues until w' = w®+c(d). On the other hand, suppose that w! < w®+c(d)
and that untreated households are allocating at least some labor to casual work in the treated

area. Then, untreated households can reallocate labor from the treated area to the untreated

B3This is another simplifying assumption. Given that the empirical strategy relies on an examination of
changes over time, this assumption does not affect the direction of the change; the hypothesized direction
of the change is unaffected even if we assume there is travel in the pre-program equilibrium.
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area. This reallocation will cease only when w! = w® + ¢(d).

From this equality follow four predictions. First, 88—“; > (. In other words, the closer the
treated area is to an untreated area, the lower the wage in the treated area will be. Similarly,
the farther the treated area is from an untreated area, the higher the wage will be. Second,
68—“; < 0: the wage in untreated areas will be higher the closer the untreated area is to the
treated area, as more untreated labor flows out of the untreated area, raising wages. From
these facts, it follows that treated villages close to the border with untreated districts will
have lower wage increases than treated villages farther from the border. Similarly, the wage
will increase relatively more in untreated areas closer to the border with treated districts
than in untreated areas farther from the border. Third, note that this equality no longer
holds in treated areas far enough from untreated areas. In particular, if w! < w® + ¢(d)
when fl L?’Tdi = 0 — that is, when no untreated households are allocating labor to work
in treated households — then no travel takes place and w' is permanently higher than w°.
This implies that aaidl = 0 for d sufficiently large. Finally, it is easy to see that decreasing
(increasing) travel costs will close (widen) the wage gap between treated and untreated
areas. While the model assumes travel costs are monetary, this does not need to be the
case. For example, women are assumed to be less mobile than men in India (Khera and
Nayak, 2009). One possible reason is that women are responsible for childcare. As such,

travel may impose non-monetary costs on women, leading to an increase in the wage gap

between treated and untreated areas for women relative to men, holding distance constant.

3.4 Data and Methods

To analyze the effects of NREGS, I mainly use the Additional Rural Incomes Survey/Rural
Economic Demographic Survey (ARIS/REDS), collected by the National Council of Ap-

plied Economic Research. The ARIS/REDS is a panel survey that has been conducted
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periodically since 1969.!* When first collected, the data was nationally representative,
although it oversampled high-income households and areas suitable to green-revolution
crops. However, with recent changes in demographics and administration, the data are no
longer representative of the entire country (Foster and Rosenzweig, 2010). As such, I inter-
pret the results as representative of overall spatial patterns — including ratios of magnitudes
— but not as representative of the actual magnitude of effects. I use the fifth and sixth rounds
of the survey — collected in 1999 and 2008, respectively — for my main analyses. I also use

the 1982 round to explore pre-NREGS trends in the spatial heterogeneity of wages.

Since the second wave of data I use (2008) was collected after implementation of the first
two NREGS phases but before implementation of the third phase, I refer to phase one and
phase two districts as “treated” districts and phase three districts as “untreated” districts.
Figure 3.1 provides an overview of the phased rollout of NREGS along with the location
of ARIS/REDS villages. There is a lot of geographic variation in the location of surveyed
villages, with all of the major Indian states covered except Jammu and Kashmir. Since
the main strategy of this paper is to compare villages near borders of treated and untreated
districts, it is instructive to look at the geographic variation in this specific characteristic.
In particular, there appears to be a relatively dense concentration of villages near treated
and untreated districts and the southern and central regions. On the other hand, treated
villages far from untreated districts tend to be located in the eastern half of the country,
while untreated villages far from treated districts tend to be in the northwestern region of

the country.

14In all analyses in this paper, I do not use the panel nature of the data. Rather, I treat both waves as repeated
cross-sections.
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Figure 3.1: NREGS Districts and ARIS/REDS Villages
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3.4.1 Methods

I estimate regressions of the form

Yiar = a9 + oy NREGSy 4+ ag Post, + asNREGSy x Post,
(3.3)

+ 0 Xiar + OHigqe + vDg + BZiar + €iar,

where 7,4 is the outcome of interest for individual (or household)' 7 in district d in wave
t; NREGS, is an indicator variable equal to one if the district is a treated (phase-one
or phase-two) district; Post; is an indicator variable for observations in the second wave,
2008; X4 1s a vector of time-variant individual controls; H,4 is a vector of time-variant
household controls; Dy, is a vector of district controls; Z;4; is rainfall in each year, mea-
sured in standard deviations from the mean (z-score), calculated separately for each house-
hold; and ¢;4 is a conditional mean-zero error term. Much of the previous literature has
employed district-level fixed effects in estimation. Unfortunately, due to sample sizes —
especially after restricting estimation to those living only a certain distance from borders —
using district fixed effects results in overly sensitive estimates and even more imprecisely
estimated effects than without their inclusion. As such, [ am unable to implement the above
strategy with district fixed effects. This may explain part of the difference in magnitudes

between the present results and previous literature.

An alternative strategy would be to estimate the effects of the program using different
windows of distances from the border. For example, comparing households between 40
and 50 kilometers of the border, then households between 35 and 45 kilometers of the
border, etc., all the way down to within six kilometers of the border. However, this strategy

suffers from the same limitation as district fixed effects: the sample size is not large enough

5The main analyses around wages and private-sector employment use the individual as the unit of analysis
but the regressions focusing on household consumption use the household as the relevant unit of analysis.
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and the resulting estimates are imprecise and sensitive.

The coefficient of interest is a3, which gives the difference-in-differences estimate of the
effect of NREGS on outcomes. This coefficient captures the difference, across treatment
status, in changes of each outcome at the district level. This implies a very specific as-
sumption required for unbiased estimates of the effect of NREGS: the trends, across time,
of outcomes in treated and untreated districts are identical in the absence of the program.
In other words, if treated districts had not received the program, then treated and untreated
districts would have had the same change, from 1999 to 2008, in each of the outcomes. I
discuss possible failure of this assumption of difference-in-differences in the results sec-
tion. Finally, given that outcomes are likely serially correlated over time, I cluster standard
errors at the district level to allow for arbitrary correlation across both waves of the survey

(Bertrand et al., 2004).

The second prediction from the model in Section 3 is that wages in untreated areas near
the border with treated areas will increase more than wages in untreated areas farther from
border. Unfortunately, there is no clear comparison group for estimating differences-in-
differences. As such, I also estimate an alternative specification. I drop the interaction
between post and NREGS and include instead an interaction between post and distance to
border as well as between post and an indicator variable for whether the observation is more
than six kilometers to the border. 1 estimate this separately for NREGS and non-NREGS
districts. In essence, this specification is comparing the change in wages within NREGS
districts and within non-NREGS districts (last two columns) separately. This specification
is
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Yigt = Qg + apdist; + as Posty + agdist; X Posty
(3.4)

+ 0 Xia + OHiqy + vDg + BZiar + Eiar,

where dist; is the distance variable, either distance to border or an indicator variable
equal to one if the observation resides more than six kilometers from the border, and the

other variables are defined as in (3).

Unfortunately, I am not able to empirically estimate pre-program trends with the ARIS/REDS
data. In order to explore pre-program trends, I turn instead to data from the National Sam-
ple Survey (NSS), which is a nationally representative survey conducted by the Ministry
of Statistics and Programme Implementation.'® Since these data are only aggregated to the
district level, I am unable to measure distances to border for each village. Instead, I con-
struct a variable defined as the percentage of each district’s border shared with a district of
the opposite treatment status. In other words, for treated districts, I measure the total bor-
der shared with untreated districts, while for untreated districts, I measure the total border

shared with treated districts. I then implement a triple-difference specification:

Yiar = o + aon NREGS; + ayPost; + asPercenty + oy N REGS; X Post,
+ asNREGS; x Percenty + agPost; x Percent, (3.5)

+ ayPost; x NREGS; x Percenty + Controls + €44,

where Percent, is the border percent variable and Controls are all of the district,
household-, and individual-level controls used above. The coefficient of interest is now

a7, which essentially represents whether the effect of NREGS (Post; x NREGS,) differs

16See http://mospi.nic.in/national-sample-survey-office-nsso.
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by percentage of border shared with a district of the opposite treatment status. I estimate
this specification using 2004/05 and 2007/08 data (with the latter being the post wave),
which analyzes the effect of NREGS at the same point in time as the ARIS/REDS data. |
also estimate this specification using 1999/2000 and 2004/05 data (with the latter being the
post wave) in order to determine whether pre-program trends appear to be correlated with

one type of geographic variable (percent of border).

In another set of results, I examine the effect of distance to border on NREGS implemen-
tation. I use the Indian government’s NREGS website!” to acquire data related to quality of
NREGS implementation. These variables include number of rolls filled, number of individ-
uals worked, number of person-days created, number of households that reached the limit
of 100 days, total labor expenditure, percent labor expenditure (of total labor and materials
expenditure), and total number of works. I include the value of these variables from 2013.
In these regressions I include only NREGS districts in the ARIS/REDS. I then estimate

regressions of the form

Ya = g + aqdisty + ¢Dg + €4, 3.6)

where D, is a vector of district-level controls and ¢4 is a conditional mean-zero error
term. In these regressions, o is the coefficient of interest and represents differences in the

implementation of NREGS by distance to the border.

I construct several geovariables for use in this analysis. For each district in the country, I
first assign it a value of treated (if in the first or second phase) or untreated (if in the third
phase). I then construct a variable, which I call border district, that equals one if a treated
district borders an untreated district or if an untreated district borders a treated district and

zero otherwise. In other words, border district identifies borders across which there is a

http://www.NREGS..nic.in/netNREGS/home.aspx
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difference in treatment status in 2008. I then calculate the total distance of such borders for

each district in the country.

In order to estimate treatment heterogeneity, I estimate a series of differences-in-differences
by restricting estimation based on distance to the nearest border. I begin by estimating re-
gressions using all individuals. Then, I restrict estimation to only individuals living within

a certain distance of the border (e.g. 30, 15, 9, etc.).

I define this distance variable as follow: For all villages in treated border districts, I
construct another variable equal to the distance from each village to the closest border with
an untreated district. Similarly, for villages in untreated border districts, I construct this
variable as the distance from each village to the closest border with a treated district. To
analyze spatial heterogeneity in effects of the program, I will essentially be comparing
differences-in-differences estimates of all villages compared to villages close to borders.
Figure 3.2 presents a histogram of this variable across treated (NREGS) and untreated
(non-NREGS) districts. Mass is highest between zero and ten kilometers to the border,
although there are still thousands of observations outside of 30 kilometers. The clustering
of observations at certain distances suggests that there could be large variations in estimated
effect sizes as the distance is restricted. For this reason, the closest distance to the border
I use is six kilometers, as a relatively higher percentage of observations is dropped as

estimation is restricted to distances closer to the border.

In one set of estimates below, I use non-border districts. These are defined as treated
districts that do not border an untreated district and untreated districts that do not border a
treated district. For villages in these districts, I calculate another distance variable, equal
to the distance from each village to the nearest border shared with a district of the same
treatment status. In other words, I calculate the distance from treated villages to the nearest

border with a treated district and the distance from untreated villages to the nearest border
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Figure 3.2: Village Distance to Border with Other Phase District
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The figure shows the histogram of distance to border for NREGS and non-NREGS villages. For villages
in NREGS districts (phase one and two districts), the distance is calculated as the shortest distance to a
non-NREGS district (phase three districts). For villages in non-NREGS districts, the distance is calculated
as the shortest distance to a NREGS district. Distance is top-coded at 100 in the figure, but not in analyses
in the paper. Only districts that border a district from the other type of district are included.
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with an untreated district.

Figure 3.3 presents a graphical example of the creation of these two distance variables
using actual districts from the ARIS/REDS. The triangles represent surveyed villages while
the dark-gray districts — Chikballapura and Kolar — are untreated districts and the light-gray
district — Chittoor — is a treated district. The blue lines represent the construction of the
main distance variable used in the analyses below: distance to the closest district of the
opposite treatment status. On the other hand, the red lines show construction of a distance
variable that represents the distance from each surveyed village to the nearest district of the
same treatment status. Throughout this paper, “distance to border” refers to the blue line

distances unless otherwise noted.

In individual-level regressions, I include age, age squared, education, and gender. In
both individual- and household-level regressions, I also include household characteristics,
including its size and demographic make-up. I also include three village-level characteris-
tics: (log of) population density, (log of) distance to the nearest town, and (log of) distance
to the district headquarters. Additionally, I include a number of district-level variables.
Using the 2001 census,'® T include a number of district-level characteristics: population
(log), percent rural population, percent scheduled castes, percent scheduled tribes, literacy
rate, labor force participation rate, the makeup of the rural labor force, and district area
(log of square kilometers), the last of which was calculated using GIS software. Since
the differences-in-differences estimator is measuring change and these variables could ar-
guably affect the rating used to assign districts to phases — and thus a district’s treatment
status — I allow the effect of each of these variables to affect the trend across waves, by
including these variables as an interaction between each variable and Post; (Imbert and

Papp, 2015). Finally, I compute the district-level wage using the 1999 ARIS/REDS, which

18These variables technically come from after the 1999 wave. However, I prefer to use the 2001 census over
the previous census, conducted ten years prior.
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Figure 3.3: Creation of Distance Variables
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district of the opposite treatment status while red lines indicate the distance to the nearest district of the same treatment type.
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I again only include as an interaction with Post;.

In all regressions, I also include village population (log), distance to the nearest town (log
of kilometers), and distance to the district headquarters (log of kilometers). In addition, I
calculate a rainfall variable for each village, equal to the yearly deviation from the mean
measured in standard deviations. Finally, I allow the effects rainfall to vary by NREGS
status, with the former included to control for possible differences in the cyclicality of

wages driven by rainfall (Jayachandran, 2006; Imbert and Papp, 2015).

I use two main variables to measure labor-market outcomes. The first is the wage. I con-
struct this variable by including both casual agricultural and casual non-agricultural wages
at the individual level. For individuals that worked more than one type of job, I sum hours
worked and total remuneration (cash and in-kind) to create the wage variable. The other
main labor-market outcome I use is private-sector employment. I construct this variable
by including all days worked in casual labor, own-account agricultural labor, own-account
non-farm labor, own-account livestock labor, construction/maintenance labor, household
(non-leisure) labor, and other economic activities, which includes the collection of fire-

wood, water, etc.

3.4.2 Summary Statistics

I present summary statistics from 1999, prior to the program, for the sample in Table 4.1.
In all columns, the level of observation is the individual, although they are referred to as
households in the table due to the construction of the location variable. The first group
of households, “All Households”, includes all households in border districts, regardless of
distance to the border. This sample is similar to samples used by previous studies to esti-
mate the impact of NREGS. As previously noted, others have shown that the differences in

labor-market outcomes between treated (NREGS) individuals and untreated (non-NREGS)
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individuals are quite large. To explore this in the ARIS/REDS data, the third column (“p-
value”) presents the results from a test of means across treated and untreated districts.
These results suggest large differences across treatment status. For example, the casual
wage in treated districts — recall that the first districts to receive the program tended to
be worse off (according to a government index) than districts that received the program
in later phases — is substantially lower than in untreated districts. The same is true if we
disaggregate the overall wage into male and female wages. In addition, in both treated
and untreated districts, male wages are significantly — 40-50 percent — higher than female
wages. Another important outcome, household (food) consumption, is likewise much lower

in treated districts.!®

However, this difference in outcomes is much smaller when we focus only on individ-
uals that live within 9 kilometers of borders between treated and untreated districts. For
example, the difference in wages falls from almost 25 cents for all households to just 4
cents within 9 kilometers of the border. Interestingly, this difference is driven by com-
peting forces: the male wage is still slightly higher in treated districts (around 10 cents)
but the female wage is lower in treated districts by around 14 cents. The difference in
monthly food expenditure at the household level likewise falls by almost half. Insofar as
trends in labor-market outcomes are correlated with the starting values of these outcomes,
the differences documented in Table 4.1 suggest that heterogeneous effects may be driven

by differences in households, not the program itself.

1The wage and consumption variables are represented as levels in US dollars in the table for ease of inter-
pretation. Throughout the analyses below, I take the log of rupees for wage and consumption variables.
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3.5 Results

I begin with a graphical representation of wage changes from 1999 to 2008 in Figure 3.4.
Only individuals located in border districts are included in the figure (and only these in-
dividuals are included in regressions in this section, unless otherwise noted). The x-axis
denotes the distance to the border between treated and untreated districts, with negative
values indicating movements towards the interior of untreated districts and positive values
indicating movements towards the interior of treated districts. A value of zero indicates
the location of the border. As expected after an examination of the summary statistics in
Table 4.1, the wage in 1999 is monotonically decreasing as we move from the interior of
untreated districts — presumably the location of better-off households — towards the border
and then towards the interior of of treated districts. In 2008, we see a similar pattern in
untreated districts; the wage is decreasing as we move towards the border. However, there
is a clear difference in the pattern as we move towards the interior of treated districts; the

wage seems to be increasing relative to 1999.

Table 3.2 presents regression estimates of this effect. The first column estimates the effect
of NREGS when using all individuals with a wage observation. The estimate indicates that
NREGS increased the wage in treated districts by around 22 percent relative to untreated
districts, an effect larger than previous estimates using other datasets, which may be due to
the exclusion of fixed effects in estimation. Each subsequent column restricts the sample to
individuals located closer and closer to the border. The second column restricts estimation
to only individuals located within 30 kilometers of the border. The effect is just as large as
the effect when using all households. The effect is relatively stable until restricting estima-
tion to households within 9-12 kilometers, at which point the estimated effect of NREGS
begins to quickly attenuate until it almost completely disappears within six kilometers of

the border.
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Figure 3.4: Distance to Border and Wages
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The figure shows a lowess curve of the relationship between distance to border and the wage rate for NREGS and non-NREGS
households before (1999) and after (2008) implementation of the program. For households in NREGS districts (phase one and two
districts), the distance is calculated as the shortest distance to a non-NREGS district (phase three districts). For households in non-
NREGS districts, the distance is calculated as the shortest distance to a NREGS district. The figure is restricted to households within

100 km of the nearest district in the figure, but not in analyses in the paper.



Table 3.2: Effects of NREGS on Wages - Distance to Border

(1) 2 3 “4) 5 (6) (7N
All Villages  Within 30 km  Within 20 km  Within 15km  Within 12km  Within 9 km  Within 6 km

Post times 0.219%*** 0.196%** 0.199%*%* 0.204** 0.197* 0.155 —0.018
NREGS (0.060) (0.066) (0.071) (0.079) (0.105) (0.099) (0.078)
Controls:

District Yes Yes Yes Yes Yes Yes Yes
Individual Yes Yes Yes Yes Yes Yes Yes
Household Yes Yes Yes Yes Yes Yes Yes
Rainfall Yes Yes Yes Yes Yes Yes Yes
Observations 7714 5504 4357 3464 2731 2329 1449

Standard errors are in parentheses. Standard errors are clustered at the district level. Wage (log) is the dependent variable in all columns. The first column includes all households in “border”
districts, which consist of NREGS districts that border non-NREGS districts and non-NREGS districts that border NREGS districts. The second through seventh columns restrict estimation
to households within a certain distance (defined in each column label) of the border. The level of analysis in all columns is the individual.

* p<0.1 ** p<0.05 *** p<0.01
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Figure 3.5 presents this change graphically. I compute these effects as follows: First,
I estimate a sequence of separate regressions, restricting the sample to individuals living
within some distance, k, of the border. I estimate regressions for all values of k£ from
9 to 40 and then plot the effect of each separate regression in Figure 3.5. The x-axis
represents these values of k. For example, at z = 25 in the graph, the point estimate is for
the regression restricting the sample to only individuals within 25 kilometers of the border.
Figure 3.5 confirms the effects found in Table 3.2; the effect is relatively flat for all values of
x greater than 20 but then drops precipitously. Apparently, the attenuation starts at around
14 kilometers. The flat section of the graph — as well as the empirical findings in Table 3.2 —
supports the prediction of the theoretical model that the change in wage rate will be constant
for sufficiently large distances from the border. This result suggests that labor is mobile in
aradius of around 10-15 kilometers. Since the distance is defined using the border, the true
radius may be slightly larger than 10-15 kilometers unless untreated households are located
right at the border. A slightly larger radius comports with the findings in Muralidharan et al.

(2016b), who found spillover effects in a radius of around 20 kilometers.

The second prediction from the model in Section 3 is that wages in untreated areas near
the border with treated areas will increase more than wages in untreated areas farther from
border. To test this, I present an alternative specification in Table 3.3. The first two columns
explore wage changes only within treated districts while the last two columns explore these
changes within untreated districts. While the coefficients in the first and second columns
are strongly significant (p<0.01 and p<0.05, respectively), neither of the coefficients for
untreated districts is significant at conventional levels. In treated districts, households lo-
cated more than six kilometers from the border see an average increase in the wage that is
approximately 10.2 percent larger than the effect for the households within six kilometers
of the border. Overall, these findings support the theoretical model, although the effect is

only significant within treated districts.
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Figure 3.5: Effect by Distance to Border
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To create the figure, the sample is varied by using different cut-offs at different distances to the border, from 9 to 40. For example,
for a distance of 25, the plotted point represents the ceofficient estimate from a difference-in-differences specification including only
households within 25 kilometers of a NREGS/non-NREGS border.
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Finally, the model predicts that increases in travel costs will result in a larger wage gap
between treated and untreated districts. Empirically, this will show up as a larger effect of
NREGS on wages and this effect will not begin to attenuate until closer to the border. The
difference in wages by gender is an ideal test for this prediction. For a number of reasons,
women in India tend to be less mobile than men (Khera and Nayak, 2009). As such, we
might assume women face higher travels costs than men and thus that we will see less of
a decrease in the female wage rate closer to the border. Table 3.4 presents estimates of the
effects of NREGS by gender. There are relatively few observations for women. Since [ am
interested in comparing the same distance to border across gender, I therefore only look at
all individuals within 9 kilometers of the border for both genders. The first three columns
in Table 3.4 present results for male wages. The change in wages within 9 kilometers of
the border (9.8 percent) is less than half as large as the change in all wages (20.2 percent).
For female wages, on the other hand, there is no difference in the change in wages within
9 kilometers relative to the change in all wages. In addition, the difference between the
effect on male wages and female wages within 9 kilometers of the border is significant
(p=0.018). Insofar as women face higher travel costs than men, the results in Table 3.4
again support the theoretical model. However, caution must be taken in interpreting the
magnitude of these effects; while the overall pattern is clear, a lack of power precludes
accurate estimates of the true magnitude, especially as the sample size gets smaller closer

to the border.

3.5.1 Causes of Heterogeneity

Given how different households near the border are from households towards the interior
of districts, there is a concern that the identifying assumption of parallel trends does not

hold. In particular, maybe poorer households — those that are more likely to live towards
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Table 3.3: Effects by District Type

NREGS Districts Non-NREGS Districts
(1 2 3 “4)
All Villages  All Villages All Villages  All Villages
Post times (log) Distance to Border 0.053%** 0.002
(0.017) (0.018)
Post times Distance> 6 0.102%* —0.047
(0.048) (0.062)

District Controls Yes Yes Yes Yes
Individual Controls Yes Yes Yes Yes
Household Controls Yes Yes Yes Yes
Rainfall Yes Yes Yes Yes
Observations 4109 4109 3605 3605

Standard errors are in parentheses. Standard errors are clustered at the district level. Wage (log) is the dependent variable in all
columns. The first two columns include only individuals in NREGS districts. The last two columns include only individuals in
non-NREGS districts. The coefficient in the first row is an interaction between Post and Distance to Border; as such, the coefficient
represents the change in wages within treated districts (first two columns) or within untreated districts (last two columns) based on
the distance to the nearest border with an untreated or treated district. The coefficient in the second row is an interaction between
Post and an indicator variable indicating whether the observation is located outside of 6 kilometers of the border.

# p<0.1 #* p<0.05 *** p<0.01

Table 3.4: Effects of NREGS on Wages by Gender

Male wages (log) Female wages (log)

(D 2 (3 “) (5) (6)

All 15 km 9 km All 15 km 9 km
Post times NREGS 0.202%** (,188**  (.098 0.278*** (.227**  0.363**

(0.057)  (0.078)  (0.088) (0.078)  (0.108)  (0.136)

District Controls Yes Yes Yes Yes Yes Yes
Individual Controls Yes Yes Yes Yes Yes Yes
Household Controls Yes Yes Yes Yes Yes Yes
Rainfall Yes Yes Yes Yes Yes Yes
Observations 5395 2382 1641 2319 1082 688

Standard errors are in parentheses. Standard errors are clustered at the district level. Wage (log) is the dependent variable in all
columns. All columns include only households in “border” districts, which consist of NREGS districts that border non-NREGS
districts and non-NREGS districts that border NREGS districts. The first column for each gender includes all observations in these
border districts. The second column includes only individuals that reside within 15 kilometers of the border. The third column
includes only individuals that reside within 9 kilometers of the border between these districts. The level of analysis in all columns is
the individual.

* p<0.1 ** p<0.05 *** p<0.01
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Figure 3.6: Distance to Border and Wages - Pre-Program Trends
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Due to data limitations, the unit of analysis is the household. The figure shows a lowess curve of the relationship between distance
to border and the wage rate for NREGS and non-NREGS households before implementation of the program. For households in
NREGS districts (phase one and two districts), the distance is calculated as the shortest distance to a non-NREGS district (phase
three districts). For households in non-NREGS districts, the distance is calculated as the shortest distance to a NREGS district. The
figure is restricted to households within 75 km of the nearest district in the figure.
the interior of treated districts — had wages trending upwards relative to other households.
In this case, the estimates presented above may be driven by underlying trends, not the

program itself.?° Although the gender effects in Table 3.4 are suggestive evidence that this

is not the case, I present further evidence that this is not true in Figure 3.6.

The previous wave of the ARIS/REDS was collected in 1982. While 17 years is a long

time, trends from 1982 to 1999 may nonetheless provide some evidence that the assumption

20There is some evidence that this is unlikely. For example, Azam (2012) argues that NREGS was imple-
mented due to the perception that decades of sustained economic growth had not had a sufficient impact on
poverty. This would seem to suggest that wages were not trending upwards for the poorest households.
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of (spatially) parallel trends is plausible. In Figure 3.6, I present a graph of nominal wages
in 1982 and 1999 by distance to border. Not surprisingly, there is a large overall increase in
wages over the time period. However, the spatial pattern is almost identical in both years; if
anything, it appears that wages in the interior of untreated districts may have been trending
slightly upwards. It does not appear that wages were trending in the same direction as the
results presented above. While this is not definitive evidence, it nonetheless suggests the

parallel trends assumption is plausible.?!

I present additional evidence of spatially similar pre-program trends using NSS data. The
NSS data do not allow any disaggregation below the district level. However, if the spatial
heterogeneity identified above is a true representation of the effect of NREGS, we might
expect to see similar heterogeneity based on a district’s neighbors. In other words, treated
districts that share a longer border with untreated districts presumably will see a smaller
wage increase than treated districts that share a shorter border with untreated districts.
The first column in Table 3.5 presents these results. The data come from 2004/05 and
2007/08, and thus identify the effect at the same time as the ARIS/REDS data. In line
with expectations, we see that a longer border does indeed appear to decrease the effects
of NREGS. While this finding supports the previous results, the real benefit of using the
NSS data is that it allows for an empirical exploration of pre-program trends. Using the
199972000 and 2004/05 waves of the NSS, column two presents results of a placebo test. If
wages were trending differentially based on this border percent variable, then a differences-
in-differences estimate using two pre-program trends will find similar results. However,
this is not what we find; the results using the 1999/2000 and 2004/05 waves of the NSS

present no evidence of such a trend. Overall, these results suggest the (conditional) parallel

21Dye to data limitations from the 1982 wave, all data is collapsed to the household level. This results in
substantially fewer overall observations and precludes estimating effects empirically; the resulting estimates
are too imprecise to be informative and the smaller sample size, especially in regressions restricted by
distance, results in very sensitive estimates.
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Table 3.5: Effects and District Border Percentage

() (2)
Wage (log) - Effect Wage (log) - Placebo
Post times NREGS times Border Percent —0.281%**
(0.090)
Post (placebo) times NREGS times Border Percent —0.033
(0.155)
Observations 49686 44407

Standard errors are in parentheses. Standard errors are clustered at the district level. Wage (log) is the dependent variable in both
columns. Data comes from the National Sample Survey (NSS). In the first column, the coefficient is a triple interaction between
post and NREGS (the difference-in-differences estimator at the district level) and a variable equal to the percentage of each district’s
borders that is shared with a district of the opposite treatment status. In other words, larger values for “Border Percent” indicates the
district shares a longer border (as a percentage of own border) with a district of the opposite treatment status. The first column uses
2004/05 and 2007/08 waves, the same years in the ARIS/REDS data. The second column uses data from 1999/2000 and 2004/05 to
estimate a placebo test for pre-program trends at the district level.

*p<0.1 ** p<0.05 *** p<0.01

trends assumption is plausible in this case.

If household wages were trending differently due to specific characteristics — like wage
levels prior to the program — we would also expect phase three districts to have different
trends from phase one and two districts. In the previous subsection, I showed that the effects
of NREGS were spatially heterogeneous within treated (untreated) districts that bordered
untreated (treated) districts. Instead of labor mobility, it may be that NREGS districts
implement the program differently near borders compared to the interior. For example,
if district capitals or towns tend to be located in the interior of treated districts, then the
program may be relatively better implemented in the interior. In Table 3.6, I explore this
possibility by estimating the effect of distance to border on several characteristics related
to implementation of the program. Importantly, the coefficients on distance are very small
and never significant. The percent of agricultural labor (out of total labor force) in the
district prior to implementation of NREGS has a consistently positive effect on NREGS

implementation, with more individuals receiving work and more money spent on works.??

22The coefficient on agricultural labor is very large for a number of estimates. However, it is important to note
that this is not the true effect seen in the data. For example, almost 60 percent of districts in the regressions
have a value of agricultural labor between 0.3 and 0.4. As such, while the coefficients are very large, the
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Table 3.6: Distance to Border and NREGS Implementation

(1) (2) 3) 4) (&) (6) (7
Rolls Filled Ind. Worked Person-Days HH Limit Labor Exp. Percent Labor Total Works
(R’s lakhs)  Expenditure
Distance to Non-NREGS (km - log) 0.021 0.009 0.035 0.028 0.021 0.003 —0.014
(0.076) (0.083) (0.086) (0.116) (0.097) (0.012) (0.093)
Village Population Density (log) 0.130%* 0.128%* 0.129 0.063 0.141 0.012 0.104
(0.075) (0.074) (0.078) (0.081) (0.092) (0.007) (0.077)
Village Population (log) 0.128 0.187 0.197 0.108 0.142 0.058%*%* —0.243%*
(0.113) (0.165) (0.126) (0.213) (0.134) (0.016) (0.125)
Distance to District HQ (km - log) —0.033 0.014 —0.067 —0.210 —0.005 0.023 0.220
(0.154) (0.217) (0.201) (0.312) (0.193) (0.020) (0.193)
Distance to Nearest Town (km - log) 0.081 0.174 0.116 0.097 0.162 0.008 —-0.039 &
(0.145) (0.159) (0.170) (0.227) (0.175) (0.021) (0.138)™
District Population (log) 0.388 —0.479 —0.132 0.810 —0.208 —0.031 0.263
(0.286) (0.444) (0.412) (0.503) (0.425) (0.042) (0.345)
District Percent Rural 4.639%* 0.329 1.735 4.486 1.042 0.184 1.704
(1.788) (1.914) (1.901) (3.320) (2.103) (0.216) (1.927)
District Percent Ag. Labor 3.828%#* 2.004 3.102%* 5.057%* 2.713% 0.483%*%* 1.172
(1.235) (1.644) (1.344) (2.080) (1.404) (0.160) (1.549)
District Wage (R - log) —0.309 —0.356 —0.003 0.193 —0.007 0.001 —0.155
(0.442) (0.417) (0.453) (0.859) (0.528) (0.066) (0.461)
Observations 71 71 71 69 71 71 71

Standard errors are in parentheses. The dependent variable in each column is indicated by the column header. For columns (1), (2), (3), (4), (5), and (7), the dependent variable is logged. NREGS implementation
data comes from 2012-2013. Only treated districts in the ARIS/REDS data are included. Also included are literacy rate, percent SC, percent ST, and labor force participation rate.

% p<0.1 ** p<0.05 *** p<0.01
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Table 3.7: Wages and Distance to Same Border

(D (2) (3) 4)
All Villages Within 15 km  Within 12 km  Within 9 km
Post times NREGS 0.199*** 0.226%** 0.230%%* 0.229%*
(0.065) (0.074) (0.082) (0.097)

District Controls Yes Yes Yes Yes
Individual Controls Yes Yes Yes Yes
Household Controls Yes Yes Yes Yes
Rainfall Yes Yes Yes Yes
Observations 7286 4286 3688 3310

Standard errors are in parentheses. Standard errors are clustered at the district level. Wage (log) is the dependent variable in all
columns. In columns (2) through (4), distance is defined as the distance from treated areas to the nearest border with a treated district
and as the distance from untreated areas to the nearest border with untreated districts. In other words, the relevant comparison is the
change in wages closer to the border between two treated districts relative to the change in wages closer to the border between two
untreated districts.

* p<0.1 ** p<0.05 *#* p<0.01

If households near the border were trending differentially from households towards the
interior, then we will see a similar attenuation if we estimate the effect at the border of
two treated districts relative to the border of two untreated districts. Table 3.7 presents
additional evidence that this is not the case. The first column presents results for all house-
holds. The change in wages in treated districts is approximately 19.9 log-points larger than
the change in untreated districts. Importantly, as we restrict the sample to households closer
to the border with a district of the same treatment status, the effect stays stable; in the last
column, the effect of NREGS on wages at the border between two treated districts relative
to the border between two untreated districts is slightly larger than the effect if we use all
households in treated districts and untreated districts and is still significant. In conjunction
with Table 3.6, this is suggestive evidence that intra-district differences in program imple-
mentation are not driving the effects nor that differences in trends for border households

relative to interior households are responsible.

largest possible effect seen in the data is much smaller. Standardizing the variables results in more intuitive
values. Results available upon request.
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Days in Public Works (log)

Figure 3.7: Public Works in 2008
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Another possible explanation for these effects is program leakage. In other words, we
may see no effect at the border because untreated households are somehow accessing
NREGS even though their district does not yet have the program. Figure 3.7 presents
suggestive evidence that this is not the case. In 2008, relatively few households in non-
NREGS districts had access to the program. On the other hand, relatively many households
in NREGS districts had access. Moreover, the difference manifests itself right where we

would expect: at the border.

Finally, I present one piece of evidence that labor market spillovers — through movement
of labor — are the mechanism. Ideally, the survey would ask how far each individual travels
to work on a daily basis for each type of labor. While the ARIS/REDS does not have
this specific question for all labor, it does ask a similar question for non-farm casual labor.
Unfortunately, this question is only asked in 2008, which precludes an estimate of relative
changes in travel time. However, if labor mobility is causing the heterogeneity, we should
see workers near the border in untreated districts traveling longer, while we would expect
relatively consistent travel times through treated districts. Figure 3.8 presents graphical
evidence that this is indeed the case. In particular, we see that travel time to non-farm casual
employment is longest right near the border in untreated districts and then decreases as we
move towards the interior.2> In addition, travel time is almost constant throughout treated
districts. Overall, Figure 3.8 —in addition to the differential effects by gender — supports the
hypothesis that individuals in untreated districts are traveling to treated districts to engage

in casual labor.

23We would not expect longer travel times in the interior of untreated districts because these households are
located far enough from the border that traveling for casual labor is not undertaken, as suggested by the
model.
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Figure 3.8: Travel Time to Non-Farm Employment (2008)
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The y-axis is travel time to non-farm employment (minutes) in 2008. The x-axis is distance to border between NREGS and non-
NREGS districts.
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3.5.2 Private-Sector Employment and Income

Much of the previous NREGS literature has examined the program’s effect on rural wages.
However, two other outcomes are also commonly studied: private-sector employment and
income. I first look at private-sector employment. Many economic models predict de-
creases in private-sector employment after the implementation of a large public works
program like NREGS. Intuitively, if NREGS drives up wages, we would expect a lower
level of private-sector employment in equilibrium (Imbert and Papp, 2015). Figure 3.9
presents a graph of private sector employment (days - log) across both survey waves. Pri-
vate employment is defined as total time spent in casual labor, salary labor, agricultural self-
employment, and non-agricultural self-employment. This includes “productive” household
activities — including the collection of firewood, water, etc. — but does not include leisure.
Consistent with the theory, there appears to be a large decrease in private-sector employ-
ment when comparing NREGS districts from 1999 to 2008. In addition, the graph appears
relatively flat at the border in treated districts, which is consistent with a negligible wage

change in that region.

The dependent variable is now (log of days of) total employment, so I no longer restrict
estimation to only individuals with observed wages. As such, this greatly increases the
number of observations. Table 3.8 presents these results. In the first column, the estimation
includes all households in border districts. The overall estimate is quite imprecise and
insignificant. However, this again conceals a more complex picture. The results in the
second column include only households within 9 kilometers of the border, while the results
in the third column include only households outside 30 kilometers from the border. The
estimates are very imprecise so it is difficult to pinpoint the true effect; nonetheless, a
formal test for equality of the coefficients in columns (2) and (3) rejects equality (p=0.023).

These results are as we would expect given the wage patterns documented above: in the
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Table 3.8: Effects of NREGS on Private-Sector Employment

(L 2 3
All Villages  Within 9 km  Outside 30 km
Post times NREGS —0.120 0.173 —0.341%*
(0.118) (0.175) (0.165)
District Controls Yes Yes Yes
Individual Controls Yes Yes Yes
Household Controls Yes Yes Yes
Rainfall Yes Yes Yes
Observations 52289 16369 14948

Standard errors are in parentheses. Standard errors are clustered at the district level. Days of private-sector employment (log) is
the dependent variable in all columns. All columns include only households in “border” districts, which consist of NREGS districts
that border non-NREGS districts and non-NREGS districts that border NREGS districts. The first column includes all households in
these border districts. The second column includes only households within 9 kilometers of the border between these districts, while
the third column includes only households outside 30 kilometers of the border. The level of analysis in all columns is the individual.

* p<0.1 ** p<0.05 *#* p<0.01

ARIS/REDS data, private-sector employment decreases statistically significantly more in
areas farther from the border — where the wage increase was highest — relative to areas near

the border.

Finally, I explore the effect of NREGS on household per capita income. While an in-
crease in wages might be assumed to be a de facto increase in the welfare of poor rural
households, it is nonetheless an imperfect proxy. As such, studying the effects of NREGS
on income offers a more direct measure of the welfare effects of the program. I begin with
a graphical representation of per capita income in the data in Figure 3.10. The pattern in
Figure 3.10 is similar to the wage and private employment changes shown in Figure 3.4 and
Figure 3.9, as there again appears to be a relative increase in the outcome as we move to-
wards the interior of NREGS districts. Table 3.9 presents these results in regression form.
These results confirm the basic pattern in the figure: the effect of NREGS on income is
smaller near the border. Despite the imprecision in the estimates, the effect outside of 30
kilometers is significantly larger than the effect within 9 kilometers (p=0.054). While the
point estimates suggest the entirety of the consumption increase is due to the wage increase,

the large standard errors suggest caution in interpreting the coefficients. Nonetheless, the
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Figure 3.10: Household Income (2006)
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The y-axis is (log of) per capita income at the household level. The x-axis is distance to border between NREGS and non-NREGS

districts.

overall pattern clearly indicates that wage changes are an important drive of consumption

changes in rural India.

3.6 Conclusion
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Table 3.9: Effects of NREGS on Household Income

(D (2
Outside 30 km  Within 9 km
Post times NREGA 0.439%* 0.002
(0.189) (0.132)

District Controls Yes Yes
Household Controls Yes Yes
Rainfall Yes Yes
Observations 2649 3099

Standard errors are in parentheses. Standard errors are clustered at the district level. Household per capita income (log) is the
dependent variable in all columns. Both columns include only border districts. The first column includes all households more than
30 kilometers from the border, while the second column includes only households within 9 kilometers of the border. The level of
analysis in all columns is the household.

* p<0.1 ** p<0.05 *** p<0.01

In this paper, I document the effects of the Mahatma Gandhi National Rural Employment
Guarantee Scheme (NREGS) in India. In particular, I show that the effects of the program
are spatially heterogeneous: treated areas located near untreated areas see smaller wages
increases than treated areas located farther from untreated areas. In addition This hetero-
geneity does not appear to be driven by pre-program trends or program leakage. Rather,
evidence indicates that labor mobility is driving these effects; the effect is more concen-
trated among male wages and workers living in untreated areas located near treated areas
are more likely to travel longer distances to work than other untreated workers. However,
while the pattern is clear across all of the results presents, a small sample size and de-
manding empirical strategy suggest caution in interpreting the magnitude of the estimated

effects.

The results in this paper have several implications. First, these results suggest that pre-
vious studies of the effect of the program on wages underestimate the true effect of the
program. This bias theoretically operates through two separate channels: an overestimate
of the counterfactual wage in untreated districts and an underestimate of the counterfactual

wage in treated districts, although the present results suggest the former is more important.
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In addition, when the program is implemented in phase three districts, wages in phase one
and two districts may increase. Second, this paper presents suggestive evidence that the
wage increases due to the program had an appreciable effect on household incomes, which
supports recent experimental evidence (Muralidharan et al., 2016b). This result suggests
raising rural wages is an effective poverty-fighting tool. This may help explain studies
which find smaller welfare effects of public works programs in other countries (e.g. Beegle
et al., 2017), especially if the program is not at a large enough scale to have appreciable

impacts on prevailing wages.
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Chapter 4

Should Farmers Farm More? Evidence

from Malawi

According to standard economic theory, households will equate the marginal, though not
necessarily the average, revenue product of an input across different activities within the
household. However, this result relies on restrictive assumptions, several of which may
be violated in developing countries. Using data on agricultural plots and non-farm enter-
prises in Malawi, we test whether the marginal revenue product of labor (MRPL) is equal
across agricultural and non-agricultural production within a household. We control for
many household characteristics using household fixed effects and find agricultural MRPL
to be consistently higher than non-farm MRPL. We show both production risk and price
risk affect farmer decision-making, with the latter partially offsetting the former in smaller,
subsistence households. These results stand in contrast to a large body of literature that
finds the average product of labor to be higher in the non-farm sector than the agricultural
sector. Our findings are not a function of our data or sample selection, as we are able to
recreate previous findings when using the average product. This suggests a rethinking of
how we measure the sectoral productivity gap may be warranted, as our results point to
substantially different policy prescriptions compared to the prior literature.

Keywords: Labor productivity, agriculture, non-farm production, productivity gap

JEL Codes: J24,J43,013,R23
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4.1 Introduction

A stylized fact of the development process is that agriculture’s share of GDP decreases as a
country develops (Lewis, 1954; Ranis and Fei, 1961). This relationship holds in the cross-
section, with relatively more developed countries deriving a smaller percentage of GDP
from agricultural sources (Chenery et al., 1975; Gollin et al., 2014). Moreover, even within
countries, the non-farm sector tends to be more productive — as measured by the average
product of labor — than the agricultural sector (Gollin et al., 2014; McCullough, 2017;
Young, 2013). Given these persistent empirical patterns, it is perhaps no surprise that many
development policies focus on non-farm growth; the recent microfinance revolution is but

one example of this (Armendariz and Morduch, 2010).

However, do the policy prescriptions necessarily follow from the empirical evidence?
In other words, does the empirical evidence really suggest that reallocating labor towards
the non-farm sector would increase incomes? Since a reallocation of labor and its effect
on income relate to the marginal product, and not the average product, a higher average
product in the non-farm sector does not necessarily imply a reallocation of labor is war-
ranted. Whether the marginal product suggests the same likely relates to the reasons that
households operate non-farm and agricultural enterprises simultaneously. A large body of
research shows that agricultural households diversify into non-farm self-employment for a
number of reasons, including production shocks, household shocks, agricultural seasonal-
ity, and missing markets (Barrett et al., 2001; Haggblade et al., 2010; Lanjouw and Lan-
jouw, 2001; Merfeld, 2018; Nagler and Naudé, 2014). In addition, diversification seems to
be the norm, not the exception (Davis et al., 2017). Under these scenarios, households may
not be moving into the non-farm sector chasing profits — as aggregate statistics suggest they
might — but may instead be pushed into the sector due to a lack of more remunerative op-

tions and a desire to mitigate risk, which may actually lead to a lower marginal product of
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labor in non-farm production. We revisit this agricultural/non-farm productivity question
and focus on the marginal product, as opposed to the average product. We show that the

empirical choice between the two measures is an important one.

Regardless of the exact motivation for diversification, standard economic theory of profit
maximization predicts the equality of the marginal revenue product of labor (MRPL) across
productive activities — in the current context, agricultural and non-farm production — as well
as the equality of MRPL with the market wage; if labor were allocated in any other way,
it would be possible to increase profits by reallocating labor. However, this result relies
on restrictive assumptions, several of which may be violated in developing countries, es-
pecially in agricultural households in rural areas. This is especially true for assumptions
such as complete markets, which refer not just to labor markets, but also credit and in-
surance markets, which are unlikely to be complete in many contexts. As such, whether
households equate marginal products across productive activities is an empirical question.
Moreover, the answer to this question is not only interesting in its own right, but is integral
to labor supply estimation (Abdulai and Regmi, 2000; Barrett et al., 2008; Jacoby, 1993;
Seshan, 2014; Skoufias, 1994) and can even shed light on some of the underlying market
conditions which characterize production in rural areas of developing countries. This, in
turn, may help us better understand why households diversify into non-farm production
and develop more appropriate development interventions. In this paper, we test this as-
sumption of MRPL equality using household survey data from Malawi. In the first test of
MRPL equality across agricultural and non-farm production within households, we show
that this common assumption fails for the median household. Moreover, the patterns of
failure allow us to characterize some important aspects of the environment in which these

households operate.

The assumption of market completeness is challenged by the literature examining the
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agricultural household model (Singh et al., 1986). Under complete markets, agricultural
households are able to treat the production and consumption decisions as recursive; house-
holds first maximize expected profit in production before making consumption decisions.
This result, known as separation, suggests simple tests for market completeness. While
early research was unable to reject this hypothesis Benjamin (1992), more recent research
suggests otherwise (Dillon and Barrett, 2017; Dillon et al., 2017; LaFave and Thomas,
2016). This finding casts doubt on the assumption of complete markets that drives sepa-
ration in the agricultural household model. As such, deviations from MRPL equality need
not suggest irrational behavior on the part of households. In particular, differing risk pro-
files of production can lead to deviations from MRPL equality (Barrett et al., 2008; Stiglitz,
1974). If production risk differs across activities, households optimize by equalizing their
expected marginal utilities across activities. Additionally, price risk — uncertainty over the
market price for a good — can also affect MRPL equality. Barrett (1996) shows that price
risk can affect households differently since it is likely to be correlated with production risk.
In particular, households are predicted to behave differently depending on whether they are
net buyers or net sellers of crops, with net sellers more likely to exhibit what we tradition-
ally associate with risk: an underallocation of labor to the risky activity. The interplay of
these two types of risk thus predicts substantial heterogeneity, a prediction confirmed in
this paper.

To test this assumption of equality of the marginal revenue products of labor across
household activities, we use three waves of the Malawi Integrated Household Survey (IHS).
Without making further assumptions regarding market completeness, equality is only pre-
dicted for households that operate both agricultural and non-farm enterprises simultane-
ously. As such, we begin with summary statistics comparing households that operate both
types of enterprises in the same wave to all households. There is little evidence that the

relevant subsample is better or worse off than other Malawian households, as we find con-
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trasting differences by enterprise type.

We then examine whether the marginal product of labor is equal across agricultural and
non-agricultural production within a household. To the best of our knowledge, this is the
first paper to implement such a test. We control for unobservable household characteristics
using household fixed effects. We estimate a number of specifications, including: separate
production functions for plots and non-farm enterprises; a pooled production function; and
a collapsed production function.! Importantly, we first show that the average product of
labor is consistently higher in non-farm production than agricultural production. That is,
there is nothing unusual about our Malawian subsample relative to the previous literature.
However, in contrast to the conclusions drawn by prior work, we consistently find agricul-
tural MRPL to be higher than non-farm MRPL,; in our preferred specification, agricultural
MRPL is four times higher than non-farm MRPL. We show that this difference does not
appear to be driven by temporal variation in labor allocation; the estimated difference is
consistent when we split the sample into high non-farm labor months and low non-farm

labor months.

We then show that focusing on a single statistic obscures substantial heterogeneity. Fo-
cusing on the MRPL estimates at the household/wave level, we show that a number of
production characteristics significantly predict deviations from MRPL equality. We find
evidence that price risk plays an important role in household labor allocation. In particular,
deviations from equality are much higher for plots planted with tobacco and cotton, two
pure cash crops, than for plots planted with maize, a common subsistence crop in Malawi.
Interestingly, households that hire for agricultural production have much higher deviations
from equality (with agricultural MRPL being higher than non-farm MRPL) than house-
holds that do not hire for agricultural productions. However, this relationship is reversed

for households that hire for non-farm production: MRPL differences are much higher in

"We discuss these specifications at length in section 4.3.
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households that do not hire. These differences by household type are driven completely
by those households that reported hiring; households that do not report hiring for agri-
cultural nor non-farm production are, unsurprisingly, very similar. These results suggest
that households buying labor on the market make substantially different labor allocation

decisions than subsistence households.

We also split the sample by output, acreage, and crop sales. For all three variables, house-
holds above the median value show substantially larger MRPL deviations than households
below the median: for output, we are unable to reject the null hypothesis of MRPL equality
for households with below median total output, while the MRPL difference is around twice
as large for the upper half of the distribution (relative to the lower half) of both acreage
and crop sales. Insofar as these variables are proxies for market access, this evidence is

consistent with price risk (Barrett, 1996).

Consistent with production risk, we also find evidence that rainfall variability is associ-
ated with higher agricultural MRPL and suggestive evidence that it is also associated with
deviations from equality. We only have rainfall variables for the first and second waves;
higher rainfall variation (as proxied by the rainfall coefficient of variation, CV) is positively
correlated with deviations from equality in these two waves. Moreover, when we assign
wave two CV values to wave three households, we find similar deviations, though substan-
tial measurement error hinders our ability to make any inferences. Overall, these results
reinforce the commonly held belief that agriculture is risky and decreasing that risk might

allow some farmers to increase expected incomes.

Our results are especially salient to the literature examining the “productivity gap” be-
tween the non-farm and agricultural sectors in developing countries (Gollin et al., 2014;
McCullough, 2017; Young, 2013). Unlike those studies, which focus on all forms of non-

farm and agricultural production, we focus only on agricultural and non-farm household
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production in households that operate both types of enterprise simultaneously. Nonethe-
less, we show that this restriction does not affect the productivity gap as commonly defined:
the average product of labor is higher in non-farm production than in agricultural produc-
tion in our sample, as well. However, given that we find the marginal product of labor to
be lower in non-farm production than agricultural production, our results suggest we re-
visit the commonly held assumption that non-farm production is more “productive” at the

margin than agricultural production in developing countries.

The rest of this paper is organized as follows. In section 4.2, we present a simple model
that informs our study. We discuss methodology and summary statistics in section 4.3. We

present results of our analyses in section 4.4 before concluding in section 4.5.

4.2 Theory

In the model that follows, we omit hired labor for simplicity.> We begin by elaborating
a simple model, assuming no risk. We borrow much of the annotation used below from

Barrett (1996). The household’s problem is:

max u(N, S, h) 4.1)

N,S,h,Lf,Ln,LA{,Zf,Zn
subject to

N + pgS <Y™

T >h+ Ly + Ly, + Ly,

’In our data, only about 13 percent of agricultural plots and only 11 percent of non-farm enterprises reported
hiring any labor. In the empirical specifications, we pool hired and family labor.

121



Merfeld Dissertation

where Y* is endogenous income; NV is a non-staple good, available only through market
purchase, with price normalized to one; pg is the price of a staple good, S, available either
through the market or through home production, with production function f(-), which in
satisfies the common assumptions of differentiability and concavity; L is days of agricul-
tural labor; h is leisure; z; is other agricultural variable inputs; k is a vector of exogenous
characteristics affecting agricultural output, including soil quality and weather; p,, is the
price of the non-farm enterprise output, whose production function is given by n(-), which
also satisfies the common assumptions; L,, is non-farm enterprise labor; k,, is exogenous
characteristics affecting non-farm output; w is the market wage; L,,, is days worked on the

market; and 7 is the total time endowment.

At an interior solution — that is, for households that operate both types of enterprises and

work on the market — both constraints will bind. The first order conditions are:

= Pugr = w 42)

Focusing on labor, this is the standard treatment in the literature: at the optimum, the
marginal revenue product of labor is equated across all activities and is equal to the wage

rate, assuming the individual is active on the market.

However, if an individual does not work on the market or is not able to work as many
days as preferred — perhaps due to labor market frictions — then the above equalities will no

longer include the wage rate, but rather the shadow wage,

wr=w+ — 4.3)

where \p is the Lagrange multiplier on the budget constraint and A7 is the multiplier on

the time constraint (Barrett et al., 2008). This again assumes the household operates at
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least one non-farm and one agricultural enterprise. In this scenario, the marginal revenue
products of labor across activities within the household are still equated under the most
common assumptions. That is,

of on

pfa_Lf = pna—Ln- 4.4)

It is this prediction of equality of marginal revenue products of labor across activities within

the household that we test in this paper.

This result need not hold in the presence of risk. Here we discuss two types of risk
that affect input allocation: output risk and price risk. Output risk is the risk associated
with uncertainty in production. While farmers, for example, make agricultural decisions —
planting, applying fertilizer, allocating labor, etc. — based on what they expect to happen,
idiosyncratic shocks can cause actual outcomes to deviate from expected outcomes. Price
risk, on the other hand, relates to uncertainty regarding the price of agricultural outputs
following harvest. Under these circumstances, the above model needs to be amended; the

household will maximize expected utility and the expectation will be taken over output.

To see this, we borrow the below model, with slight changes, from Barrett (1996). In a
two-period model, households make labor allocation decisions before post-harvest prices

are revealed. The household’s problem is

max E (max u(N, S, h))
NS

thf7Ln7L1\J7Zfazn

123



Merfeld Dissertation

subject to

N +psS <Y~
Y* =psf(Lys,zri k) — pzp2p + putt( L, 205 kp) — Py 20+ whiy,

where all variables are defined as in Equation 4.1. In this model, households must make all
labor allocation decisions prior to the realization of prices. By duality, we can instead work
with the indirect utility function, V' (h, Y*, P) — where P is a vector of all prices — which is
homogeneous of degree zero in income and prices. The household’s problem is now,

max E(V(h,Y*, P)) 4.5)

h,Ly,Ln,Lar,zf,2n

subject to

Here, we present only the main result. Interested readers are directed to Barrett (1996) for

a full exposition.

Focusing on farm labor, Barrett (1996) shows that cov(Vy, Ps) is crucial to predict-
ing labor allocation. In pure producer theory, Arrow-Pratt income risk aversion implies
cov(Vy, Ps) < 0 (Sandmo, 1971) and, thus, that a household under uncertainty produces
less — and thus applies less labor and has a higher MRPL — than would be the case without
uncertainty (Barrett, 1996). However, this result focuses only on pure producers and does
not take into account a household model of production, in which households can sell or

consume the agricultural goods they produce. The insight of Barrett (1996) is that labor
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allocation hinges on the importance of the crop to households as a consumption good rel-
ative to the importance of the crop as a source of income (cash). In particular, he shows
that if a household is a net seller of a crop, then it will underemploy labor: M RP Ly, > w.
On the other hand, if a household is a net buyer of a good, then it will overemploy labor:

MRPLg, < w.

Note that, by assumption, households do not consume their non-farm good. Thus, non-
farm production will follow the familiar result if non-farm production is risky: M RP L, ¢ >
w. However, if non-farm production is a relatively risk-free activity, then M RPL,; = w.
Putting together these predictions, we can say, for net buyers of crops, that: M RPL,, <
MRPL,;. However, for net sellers of crops, the direction is ambiguous and depends on

the relative risk and importance of each productive activity.

4.3 Methods and Data

The basic steps involved in testing MRPL equality are as follows, and are similar to those
in Linde-Rahr (2005), who studies allocative efficiency across plots planted with different
crops. First, we estimate production functions for both agricultural and non-farm enter-
prises. Second, we compute the marginal revenue products of labor across different activ-
ities within the household. With these MRPL estimates, we then explicitly test whether
marginal revenue products of labor — or shadow wages — are equal across activities within

the household.

In order to estimate the production functions, we present production function results us-
ing both a Cobb-Douglas production function and a translog production function. However,

given that we reject the nested Cobb-Douglas within the translog production function, we
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present MRPL results only for translog production function estimates. We estimate:

1
In Qine = ap, + I(Agriculture = 1) x (X5, Inyjin + §E%ﬁ]k In vjine In Yiine + 6Cine
j j
1
+Dat + 1m) + ?@' In vjine + 5?%@% In vjine In Yiing + 0Cine + Day + 1

+1(Agriculture = 1) + €;pe,

(4.6)

where o, is an intercept that varies by household (household fixed effects); I (Agriculture =
1) is a dummy variable equal to one if the observation is an agricultural plot and equal
to zero if the observation is a non-farm enterprise; <y;;n: and 7yxp: are inputs j and & for
enterprise 7 in household £ in wave t; Cj, is a vector of controls that may affect output and
which differ depending on whether the enterprise is (non-)agricultural; Dy, is district/wave
fixed effects; 7),, is a set of dummy variables indicating the month of interview; and &,
is a conditional mean-zero error term. We include labor (log of days), acres (log), and
fertilizer (log of kg) as productive inputs in the agricultural production functions and labor
(log of days) and total costs (log of MWK) as productive inputs in the non-farm production
functions. We set land and fertilizer to zero for all non-farm enterprises and non-farm costs

to zero for all agricultural plots.

For agricultural plots, we restrict attention to plots planted with a select number of crops.
Part of the process of constructing the marginal revenue products involves finding prices
for the agricultural output. We construct these prices by taking medians at the lowest ad-
ministrative level of aggregation with a sufficient number of observations. The crops we
choose offer a sufficient number of observations with which to create median prices.® In
contrast, we do not need to restrict estimation in a similar way for non-farm enterprises;

entrepreneurs are directly asked about their total output. Finally, we trim the top one per-

3We elaborate on this restriction below.
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cent of agricultural and non-farm output and labor before estimating production functions,

though we report non-trimmed results in the appendix.

For both the Cobb-Douglas and translog specifications, we pool the data and estimate
a single production function for both agricultural and non-farm enterprises, but we allow
the effect of all variables — other than the fixed effect — to vary by type of enterprise. We
employ household fixed effects to identify the production functions. Since the identify-
ing assumptions for a pooled sample are somewhat restrictive, we also estimate separate

agricultural and non-farm production functions.

After estimating the production functions, we then calculate the marginal revenue product
of labor for each input. Using the translog specification,* we construct our MRPL estimates
for agricultural plots as

0Q _ Qu
OL Ly

8L + Brrlog Lips + Bralog Ainy + Brrlog Fipl 4.7)

where th is predicted output, Sy, is the coefficient on the labor squared term, SBp 4 is
the coefficient on the interaction between labor and acreage, and (3, is the coefficient on
the interaction between labor and fertilizer use. We use predicted output as it is the best
estimate we have of the farmer’s expected output. We calculate the MRPL for non-farm

enterprises as

9Q _ Qe

OL  Lin

8L + Brrlog Lips + Brolog Cipgl (4.8)

where (1¢ is the coefficient on the interaction between labor and costs.

The production function in Equation 4.6 is at the plot/enterprise level. Thus, estimat-

ing MRPLs using Equation 4.7 and Equation 4.8 presents a problem when we attempt to

4The translog results strongly reject the nested Cobb-Douglas, especially for non-farm production. As such,
we only present MRPL estimates from the translog. We discuss this below.
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aggregate to the household. In particular, many households operate more than one plot in
the same wave. Since we construct MRPL for each plot and enterprise separately, we then
need to aggregate these to the household/wave. We do this in two ways. First, we take the
simple median across plots within each household. If a household operates an even num-
ber of plots, we use the mean of the two middle plots to construct MRPL. We construct
MRPL similarly for non-farm enterprises, though most households operate only one, such
that aggregation is not as problematic for non-farm production. Second, we compute the

household’s weighted average MRPL, weighting by labor allocation.

Aggregating over plots and enterprises is an important part of MRPL estimation. How-
ever, it is not clear what the “correct” aggregation method is. To bypass this problem
completely, and due to issues with recall bias raised by Arthi et al. (2018),> we also esti-
mate production functions in which we aggregate (separately) all plots and all enterprises
to the household level. We sum output, labor, acreage, fertilizer, and non-farm costs to

the household level. For crop dummies,’

we collapse the data and leave these as indicator
variables for whether the household grew that crop in that wave. For the plot character-
istics, we include continuous variables for the percent of total household land with each

characteristic.

MRPL equality holds only for households that operate both types of enterprises.” There-
fore, we only use households that operate both non-farm and agricultural enterprises in the
same wave to construct MRPL estimates. However, we present estimates of production

functions using these households as well as separate estimates using all households.

Finally, in order to conduct inference, we bootstrap the standard errors with 1,000 repli-

3 Arthi et al. (2018) find that reported labor allocation is mismeasured at the plot level. However, when labor
is aggregated to the household, this mismeasurement largely disappears.

®We discuss these controls more below.

"Economic theory makes no predictions regarding marginal products in different households unless markets
are complete, nor does it make predictions regarding the equality of marginal products across time.
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cations. Since we are interested in a multi-step estimator, bootstrapping offers a convenient
method to estimate valid standard errors. We employ household fixed effects and, as such,
we set up the bootstrap to draw households, including all non-farm and agricultural enter-

prises operated by that household, across all waves.

4.3.1 Data

We use the Malawi Integrated Household Survey (IHS) in this paper. The IHS is part of
the World Bank’s Living Standards Measurement Study (LSMS) program. The IHS data
consists of three waves: the first wave was collected from 2010-2011, the second in 2013,
and the third in 2016-2017. There is a common panel sample in all three waves, such that
we are able to follow some households across three separate years. However, the first and
third waves also had large cross-section components, which dwarf the panel component in
size. After restricting our sample and looking only at households that operate both types
of enterprises in the same wave, we are left with 3,786 unique households. Of these, 3,506
households appear in one wave, 482 households appear in two waves, and 117 households
appear in all three waves. These numbers correspond to 5,873 plots and 3,750 enterprises
in the one-wave households, 881 plots and 547 enterprises in the two-wave households, and
250 plots and 129 enterprises in the three-wave households. Thus, our total sample with

which we estimate production functions consists of 7,004 plots and 4,426 enterprises.

Many of the variables used in estimation come from different modules in the IHS. As
such, certain variables are at different levels of aggregation (i.e. household, household-
plot, or household-plot-crop). For example, although crop output is reported at the plot-
crop level, labor is only reported at the plot level. Thus, missing plot-crop observations
require that we drop the entire plot from the sample. In the following sub-sections, we

document some of these idiosyncracies and the resulting decisions.
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4.3.2 Output

The key dependent variable in the production functions is output value. The Malawi IHS,
like many household surveys, asks farmers for output in kilograms, not in value. Since
our methodology is designed to estimate the marginal revenue product of labor, we must
construct crop prices to value output. The survey also asks households about crops sold
during the year, including amount sold and the value of crops sold. Using these questions,

we construct a price variable at the household level.

However, most households do not report selling crops. As such, we must construct ag-
gregate prices. We construct aggregate prices at four separate levels — the enumeration area,
the traditional authority, the district, and the region — by taking the median crop price at
each level of aggregation separately. We then assign prices to households using the lowest
level of aggregation at which there are at least five valid price observations.® If any regions
have less than five prices observations for any given price, we assign a missing price value
for all observations of that crop in that district. In this way, we end up with prices for
13 crops: maize, tobacco, groundnut, rice, sweet potato, potato, beans, soya, pigeon peas,

cotton, sunflower, nkhwani, and tomato.

4.3.3 Labor and Selection of Plots

We use days of labor as the independent variable of interest. This variable includes both
family and hired labor, which we aggregate into the single variable. However, family labor
generally predominates, as is clear in the summary statistics below. A major issue is that
labor is reported at the plot level, while crop output is reported at the plot-crop level. This

means that the labor inputs we observe on a given plot are applied to all crops on that

81n the appendix, we report results requiring at least ten valid price observations and without any price re-
quirements. Our conclusions are unchanged.
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plot, and we are not able to disaggregate that labor by crop. As such, after constructing
price observations, we also drop any plots that are planted with at least one crop with a
missing price value. In this way, the entirety of labor allocated to the plot is applicable to
the entirety of the output value we construct. This restriction does not appreciably affect

our sample size; we lose less than ten percent of plots in each wave.

4.3.4 Other Controls

In addition to the productive inputs, we also control for a number of agriculture variables,
including plot quality (as reported by the farmer), plot type, plot erosion, plot slope, and
whether the plot is located in swamp/wetlands. In agricultural regressions, in addition to
days of labor, we include the size of the plot (log of acres) and amount of fertilizer applied
to the plot (log of kilograms) as productive inputs. In non-farm regressions, we include one
separate productive input in addition to labor: log of total costs. This variable is directly
asked of all households with a non-farm enterprise. Additional industry controls include
indicator variables for industry and a single indicator variable for whether the non-farm
enterprise has electricity. The use of value for a productive input could bias the coefficients
in our production functions if input prices vary by region and/or household (Jacoby, 1993),
although this is also somewhat of an issue when constructing output values for agriculture,
as well. In order to mitigate these concerns, we include district/wave fixed effects to help

alleviate both regional and temporal differences in input prices.

We believe including costs — even with caveats — is preferable to estimating the produc-
tion functions without them. We estimate Cobb-Douglas production functions both with
and without non-farm costs included as a productive input to test this assumption. The esti-
mates with costs included are presented below in the results section (Table 4.2). Restricting

the sample to only those households that operate both types of enterprises in the same wave,
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the coefficient on non-farm labor is 0.200. When we remove costs and re-estimate the pro-
duction function,’ the coefficient on labor increases to 0.342, an increase of more than 70
percent. As such, we conclude that the benefits of including costs outweigh the possible

risks.

Finally, the dependent variable for non-farm production is constructed using a single sur-
vey question, which asks respondents for total output in the 30 days prior to the interview.
We include month of interview fixed effects in order to control for any seasonality in labor
allocation across the year. However, we also estimate production functions on separate

subsamples, depending on month of interview, and present these results below.

4.3.5 Summary Statistics and Sample Restrictions

Summary statistics at the household/wave level are shown in Table 4.1. To calculate these
statistics, we collapse all agricultural and non-farm statistics to the household level before
taking logs. The first column presents statistics for all households that are in the Malawi
IHS data and meet our criteria for calculating plot output, but are not in our final sample
because they do not operate both types of enterprises in the same wave. The second column
includes all households that are in our final sample. The third column presents the p-value

of tests for equality across the two samples.!”

Of the households that meet the output criteria but are not in our sample, approximately
86 percent of them have plots but no non-farm enterprise. Households in our final sample
had slightly more output (that we could calculate) than households that were not in our
sample. Moreover, this difference is magnified when we look at the labor statistics; dropped

households actually apply more labor — mostly more family labor — but have lower output,

Results are not shown but are available upon request.
10We construct these p-values by regressing each variable on a dummy variable indicating whether a house-
hold/wave observation is in our final sample, clustering the standard errors at the household level.



Table 4.1: Summary Statistics

(D 2 3)
Dropped Final Sample Diff
Households (p-value)
Agricultural Production Statistics
Household has plot in sample 0.856 1.000
(0.351)
Ag output (2010 MWK - log + 1) 10.005 10.186 0.000
(1.261) (1.233)
Total labor (log) 4.348 4.268 0.000
(0.831) (0.900)
Total family labor (log + 1) 4.254 4.086 0.000
(0.972) (1.137)
Total hired labor (log + 1) 0.422 0.771 0.000
(0.996) (1.261)
Household hired for ag production (yes = 1) 0.179 0.316 0.000
(0.383) (0.465)
Fertilizer (kg - log + 1) 1.377 1.499 0.000
(1.594) (1.609)
Acres in sample 1.738 2.178 0.310
(18.724) (26.109)
Maize in sample 0.930 0.923 0.160
(0.256) (0.267)
Tobacco in sample 0.101 0.077 0.000
(0.301) (0.266)
Non-FarmProduction Statistics
Household has non-farm ent. in sample 0.144 1.000
(0.351)
NF output (2010 MWK - log + 1) 9.613 9.094 0.000
(1.522) (1.391)
Total labor (log) 3.085 2.868 0.000
(0.809) (0.852)
Total family labor (log + 1) 2.954 2.790 0.000
(0.803) (0.845)
Total hired labor (log + 1) 0.400 0.243 0.000
(1.114) (0.856)
Household hired for NF production (yes = 1) 0.124 0.083 0.000
(0.330) (0.275)
Last monthly costs (2010 MWK - log + 1) 8.500 7.808 0.000
(2.768) (2.825)
Household Characteristics
Male household head (yes = 1) 0.735 0.803 0.000
(0.441) (0.398)
Household size 4.667 5.144 0.000
(2.141) (2.127)
Total acres owned 3.621 4.941 0.159
(65.536) (51.902)
N 19154 4105

Standard deviations are in parentheses. Statistics are at the household/wave level. Agricultural and non-farm statistics were collapsed
to the household/wave level before taking logs. The “Dropp Households” columns include all households that meet our criteria for
valuing agricultural output (on at least one plot) or which operate a non-farm enterprise but do not operate both in the same wave.
The “Final Sample” column includes the sample of households we use to calculate MRPL.: those that operate at least one plot and at
least one enterprise in the same wave. To calculate the p-value for their difference, we regress each variable in the far left column
on a single dummy variable for whether the household is in our final sample or not. We cluster the standard errors at the household

level.
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suggesting our sample may consist of slightly better off households. Consistent with this
argument, these households were also more likely to hire at least one day of labor for

agricultural production and hired more labor for agricultural production overall.

Although output is higher for the group of households in our final sample, they also
achieved this output on more land (though the difference across the two groups is not
statistically significant, mostly due to the large variance in both groups). As such, the
overall productivity question is not as clear cut as the combination of output and labor
statistics suggested. Moreover, in line with the fact that maize is a common crop and
foodstuff, around 93 percent of households in both groups grew maize on at least one
plot that meets our output criteria. Along with acreage, maize is the only other agricultural
statistic that does not differ significantly across the two groups. Interestingly, although there
is suggestive evidence that final sample households are better off than other households,
other households are actually more likely to grow tobacco on at least one plot. This is
somewhat surprising since tobacco is a pure cash crop, which we might associate with

better-off households.

The remaining 14 percent of dropped households operate non-farm enterprises.!! While
final sample households appeared to be slightly better off when looking at the agricultural
statistics, we actually see the opposite in the non-farm statistics. Final sample households
have lower output and only slightly higher labor allocation. Two statistics suggest that all
households do not have higher output due to, for example, a reliance on non-farm produc-
tion in the face of crop failure. These households are both more likely to hire at least one
day and hire more days in general. Moreover, these households also have higher non-farm

costs, which is suggestive evidence that these households are not simply operating more

Since non-farm enterprises are never dropped due to restrictions on output — unlike agricultural plots —
a household only appearing in the non-farm statistics does not imply the household does not operate any
plots. Rather, it is possible that the household operates plots that get dropped in our price-creation procedure
explained above.
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labor- and less capital-intensive enterprises than final sample households. Results from

t-tests suggest all differences in non-farm statistics are significant.

The last three variables presented are household-level variables. Final sample households
are five percentage points more likely to have a male household head relative to other
households. Households in our final sample are also slightly larger than the other group
of households. Overall, it is difficult to come to any clear conclusions regarding how our
sample restrictions impact how representative our results may be. While there are clear
differences across groups (only acres in sample and maize are not significantly different
across the two groups), the differences are sometimes tell conflicting stories. Thus, while
households that operate both types of enterprises are clearly different from households that

do not, it is not clear from these statistics whether they are better off or worse off.

One concern with our estimation method is that labor is seasonal, and thus we may not
be making the proper temporal comparison across productive activities. This concern is
compounded by the fact that agricultural labor is spread throughout the season whereas
non-farm labor is only reported for the last 30 days. To help examine whether this is
affecting our results, we present a graph of median non-farm output and labor by month of
interview in Figure 4.1. In Malawi, there appears to be clear seasonality in labor allocation
to non-farm production. In particular, both labor allocation and output appear to be lowest
from February to around July, and then increase between August and January. Given that
there does appear to be some seasonality in labor allocation and output, we will explore
this further below, though we control for month of interview in all production function

estimates.
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Figure 4.1: Month of Interview and Non-Farm Production Characteristics
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4.4 Results

We begin our discussion of the results with the pooled production function estimates in
Table 4.2. We present results for both the Cobb-Douglas and translog specifications as well
as for all households (first two columns) and for households that operate both enterprises in
the same wave, which is the subsample we use in MRPL construction (last two columns).
Comparing the Cobb-Douglas results for all households (column 1) to final sample house-
holds (column 3) suggests the production technology is relatively similar. While labor
appears slightly more productive — for both agricultural and non-farm production — for the
select subsample of households, the opposite is true for land. The coefficients on fertilizer

and non-farm costs, however, are relatively similar.

The translog results are harder to interpret given the large number of interaction terms.
Moreover, it is clear moving from column two to column four that we lose a substantial
amount of precision in our estimates. This is especially true for agriculture. However,
the translog coefficients for non-farm production are remarkably similar for both groups
of households, with the largest difference being just 0.006 (costs). Overall, it appears that
production technology is relatively similar for both groups of households. A glance at
the interaction terms suggests that the Cobb-Douglas specification might not be rejected
for agriculture; there is only one significant interaction term (including the squared terms)
in each column. The same cannot be said for non-farm production, however. In both
columns two and four, the squared costs term and interaction term are significant, with
the former having a t-statistic of more than 20 in each column. We formally test for the
nested Cobb-Douglas in the translog specifications and present these results at the bottom
of the table. Consistent with the above interpretation of the coefficients, we reject the
Cobb-Douglas specification for agriculture for all households but fail to reject for our final

sample. However, the F-test strongly rejects the Cobb-Douglas specification for non-farm
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Table 4.2: Production Function Estimates

All households Final sample
6] 2 3) “
C-D Translog C-D Translog
Ag Labor (L) 0.255%%%* 0.149* 0.284%*%* 0.027
(0.017) (0.088) (0.027) (0.125)
Acres (A) 0.365%*%* 0.450%%%* 0.336%#%* 0.440%**
(0.016) (0.088) (0.028) (0.145)
Fertilizer (F)) 0.084#** 0.250%%#% 0.085%# 0.216%*
(0.008) (0.050) (0.014) (0.085)
L, x L, 0.012 0.026
(0.011) (0.016)
Ax A 0.008 —0.005
(0.015) (0.022)
FxF —0.026*** —0.026**
(0.008) (0.013)
L,x A —-0.017 —0.020
(0.017) (0.029)
L, x F —0.011 0.003
(0.009) (0.014)
FxA 0.001 0.000
(0.010) (0.017)
NF Labor (L,,) 0.188%%*%* 0.303**%* 0.201%#%* 0.305%**
(0.027) (0.103) (0.027) (0.109)
Costs (C) 0.236%%%* —0.289%** 0.232%# —0.295%#*
(0.012) (0.033) (0.011) (0.032)
L, x Ly, 0.012 0.009
(0.018) (0.019)
CxC 0.057#%* 0.057#**
(0.002) (0.002)
L, xC —0.037*** —0.036%**
(0.010) (0.010)
Test for Nested Cobb-Douglas (p-value)
Agriculture 0.007 0.192
Non-Farm 0.000 0.000

Standard errors clustered at the household level are in parentheses. Household fixed effects are included in all regressions. Also
included are month of interview fixed effects and wave/district fixed effects. Month of interview and wave/district fixed effects are
allowed to vary by type of production. In addition, we include crop dummies, plot quality variables, non-farm industry dummies,
and a dummy indicating whether the non-farm industry has access to electricity. The F-tests present tests for a nested Cobb-
Douglas production function in each translog; the p-value is constructed by testing whether all squared and interaction terms are
simultaneously zero. The “All Households” columns include all households that operate at least one plot or at least one enterprise
across all three waves of the Malawi LSMS. The “Final Sample” column includes the sample of households we use to calculate
MRPL: those that operate at least one plot and at least one enterprise in the same wave. Output and non-farm costs are in (March)

2010 MWK.

*p < 0.10 #* p < 0.05 #** p < 0.01
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production. Given these results, we use the translog specification in all results that follow.

Rather than estimating average revenue products (APL),'? as has much of the litera-
ture, we instead estimate marginal products. Before presenting our MRPL estimates, we
first verify that we find similar APL results in our final sample of households. Figure 4.2
presents kernel density estimates of APL using actual output (Panel A) and predicted out-
put from the production functions (Panel B). In both cases, it appears that non-farm APL
stochastically dominates agricultural APL. Table 4.3 presents the mean and median average
product, again using both actual and predicted output. Consistent with previous literature,
the average product in non-farm production is substantially higher than the average product
in agricultural production. When using the mean, the APL is more than twice a large with
the predicted output and more than 80 percent larger with the actual output. The difference
is slightly smaller with the median: non-farm APL is around 52 percent larger when us-
ing actual output and 47 percent larger when using predicted output. All of our estimated
differences are smaller than some of the previous literature, but similar to recent research
using a similar identification strategy (Hicks et al., 2017). As such, the use of APL results
in similar findings to those in the larger literature: it appears that non-farm production is

more “productive” than agricultural production.

12We use the terms “average product” and “average revenue prouct” interchangeably.
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Figure 4.2: Average Revenue Product of Labor

Panel A: Actual Output Panel B: Predicted Output

T
0 2 4 6 8 10 12 0 2 4 6 8 10 12

Average Product of Labor (log) Average Product of Labor (log)
Non-Farm ————- Agriculture

All statistics are calculated as output in MWK over number of days worked. Actual output uses reported output (non-farm) or con-
structed output using aggregate prices and reported harvest (agriculture). Predicted output uses output predicted from the production
function estimates used to estimate the marginal product of labor in autorefpf1.
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Higher non-farm average product does not imply that a reallocation of labor towards non-
farm production would bring about welfare gains, however. A more appropriate statistic
is the marginal revenue product of labor. We present these MRPL estimates in Table 4.4.
Since MRPL equality is only theoretically predicted for households that operate both types
of enterprise, we present MRPL results for only this subset of households. All MRPL
estimates are in (March) 2010 Malawi Kwacha (MWK). We construct MRPL estimates
using the production function in column four of Table 4.2 and present these in the first two
columns of Table 4.4. Recall that we construct the MRPL estimates in two ways: taking
the simple median across plots/enterprises and weighting MRPLs across plots/enterprises
based on labor allocation. The simple median suggests an agricultural MRPL of about 171
MWHK. In March of 2010, the exchange rate was approximately 150 MWK to USD, so
this MRPL translates to slightly more than one US dollar per worker-day. The non-farm
MRPL, on the other hand, is significantly smaller, at just 23 MWK. Finally, the difference,

approximately 101 MWK, is highly significant.

The second column presents results using the same base production function as the first
column, but aggregates the MRPL across plots/enterprises by a weighted average based
on labor allocation. Two patterns emerge. First, all three MRPL estimates are substan-
tially more precisely estimated than the simple medians. Second, the agricultural MRPL
is smaller than in column one, possibly suggesting some plots with low labor allocation
and high MRPL were inflating the estimated MRPL in the first column.'> The end re-
sult is that the estimated MRPL difference is less than sixty percent as large in column two.
Nonetheless, the increase in precision results in a highly significant difference of 56 MWK,

or around 0.35 USD, per worker-day.

To get a sense of the magnitude of these differences, it is important to remember that these

3This is not unexpected. The MRPL formula requires dividing by total labor allocation on a plot. Very small
reported labor allocation can thus result in very large estimated MRPL values.
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Table 4.3: Mean and Median of Average Revenue Product of Labor

ey 2)
Actual Output Predicted Output
Panel A: Mean
Agriculture 875 681
Non-Farm 1584 1567
Panel B: Median
Agriculture 355 337
Non-Farm 541 495

All statistics are calculated as output in MWK over number of days worked. Actual output uses reported
output (non-farm) or constructed output using aggregate prices and reported harvest (agriculture). Pre-
dicted output uses output predicted from the production function estimates used to estimate the marginal
product of labor in autorefpfl.

are not purchasing power parity-adjusted exchange rates, so the relevant number used in the
construction of poverty statistics would be significantly higher than 0.35 USD. For instance,
the PPP-adjusted exchange rate in 2010 would result in an agricultural MRPL of around
1.25 dollars, a non-farm MRPL of around 0.4 dollars, and a difference of around 0.8 dollars.
For a point of reference, Malawi’s average per capita income was approximately one dollar
(PPP adjusted) per day in 2010. These numbers point to possible harm from encouraging a
reallocation of labor away from agricultural production and towards non-farm production.
At the margin, reallocating a single day of labor in this direction is estimated to decrease
income for the median household by around 55 Kwacha, which is a substantial percentage
of average income in Malawi. This stands in stark contrast to the large body of literature

on the intersectoral productivity gap.

Overall, the first two columns suggest that households could increase their income by re-
allocating some labor away from non-farm production and towards agricultural production.
However, the estimates in the first two columns also rely on pooled production functions,
in which we estimate agricultural and non-farm production functions in a single regression.
This increases our statistical power, but at the cost of a more restrictive estimation strategy.

We relax the restrictions on the fixed effects in columns three and four by estimating the
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agricultural and non-farm production functions separately. Now, the fixed effect is allowed
to affect agricultural and non-farm production differently, but at a cost: agricultural coeffi-
cients are now identified only by households in our sample that operate at least two plots
— either in the same wave or across waves — while non-farm coefficients are identified by

households that operate at least two non-farm enterprises.

This loss of power is clear in the resulting estimates: the standard errors on the agricul-
tural and non-farm MRPLs almost double, regardless of the choice of aggregation. Reas-
suringly, however, the patterns and general conclusions are identical. Agricultural MRPL
continues to be significantly higher than non-farm MRPL in both columns, though the es-
timated differences are slightly larger, 134 MWK in column three compared to 101 MWK

in column one, and 79 MWK in column four compared to 56 MWK in column two.

Columns one through four all rely on somewhat ad hoc choices of MRPL aggregation.
Moreover, there is some evidence that disaggregated labor statistics are more prone to
bias than are aggregated labor statistics, as households tend to forget plots and distribute
labor from those plots when reporting on other plots (Arthi et al., 2018).!* As such, we
present one final set of results in column five in which we aggregate all productive inputs
to the household level prior to estimating production functions. We still pool these results
and we present these MRPL estimates in column five. Again, the results are generally
consistent with the previous four columns. Taking these results together, we interpret this
as evidence that agricultural MRPL tends to be higher than non-farm MRPL within the
household. This result stands in contrast to the agricultural productivity gap literature,
which finds the average product of labor in non-farm production to be higher than the
average product of labor in agricultural production. Importantly, these differing results

also suggest dramatically different policy responses.

14We note, however, that it is not clear how this would affect our results, as we do not use all plots in
estimation.
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4.4.1 Robustness Checks

Given the relative consistency across specifications and the fact that weighting by labor
(column two of Table 4.4) is not only the most precisely estimated but also the most conser-
vative estimate of MRPL difference, we report all results using the specification in column
two for the rest of the paper. In the appendix, we also explore the robustness of MRPL es-
timates to several variations in specifications. We estimate MRPL when using a minimum
of 10 prices observations instead of five to construct aggregate crop prices (Table 4.A2) as
well as no minimum number of price observations (Table 4.A3). In Table 4.A4, we present
MRPL estimates when not trimming the top one percent of output and labor. Finally, in
Table 4.AS, we estimate MRPL using actual output instead of predicted output. Our con-
clusions are unchanged and agricultural MRPL remains higher than non-farm MRPL in all

models/specifications.

One concern already documented is seasonality. While we control for month of interview
in all regressions, concerns nonetheless remain. Fortunately, the Malawi IHS allows us to
examine whether seasonality may be affecting our results. Panel households were enumer-
ated twice in every wave for the Malawi IHS. In general, approximately half of households
responded to the non-farm module during the first visit — which tended to be during or
just after the planting season — while approximately half of panel households responded to
the non-farm module during the second visit, just after harvest.!> Importantly, only panel
households are visited twice. Moreover, panel households are the minority of our sample,
as there are large cross-section components of waves one and three. As such, a large por-
tion of households responded to the agricultural and non-farm modules at different visits.

This is at least suggestive evidence that survey timing is unlikely to be driving our results.

As an additional — and more explicit — check, we can also estimate production functions

15 All households should have reported agricultural output during the harvest visit.
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Table 4.5: MRPL by Months of Interview

Aug to Jan Feb to July
ey 2 3 “4)
Simple Median =~ Weighted by Labor ~ Simple Median =~ Weighted by Labor

Agriculture 72.219%** 71.955%%* 87.723%** 89.321%#%*

(12.675) (13.031) (11.444) (16.039)
Non-farm 18.883 18.772 34.801%* 34.715%*

(12.974) (12.906) (14.193) (15.956)
Difference 46.508** 45.952%* 48.235%%* 49.265*

(20.385) (20.530) (18.183) (29.401)
N (Household/Wave) 1899 1899 2200 2200

Standard errors are constructed through bootstrapping the process 1,000 times. The bootstrap is set to draw households. The results re-
estimate the results from columns one and two of Table 4.4, restricting estimation only to households surveyed during the “high” non-farm
season of August to January (columns one and two) or the “low” non-farm season of February to July (columns three and four). * p < 0.10
**p < 0.05 ¥* p < 0.01

and construct MRPL estimates for each subsample, based on month of interview. If sea-
sonality is affecting our results, then we are likely to see substantially different MRPL dif-
ferences during planting and harvest seasons, especially since these two seasons apparently
show large differences in non-farm labor allocation. Table 4.A1 in the appendix presents

summary statistics for month of interview across all three waves.

We estimate production functions separately for the subsample of households that were
interviewed during the “low non-farm output” season, which we define as February to
July'®, and the subsample of households that were interviewed during times of higher non-
farm labor allocation and output, from August to January. We present these results in
Table 4.5. The first two columns restrict estimation to only non-farm enterprises that were
interviewed from August to January, while the last two columns restrict estimation to only
households interviewed from February to July. It appears that agricultural MRPL is slightly
higher for those households interviewed from February to July. However, non-farm MRPL

is also slightly higher, resulting in remarkably consistent MRPL differences across time

16This only refers to the non-farm module. The agricultural statistics still come from the post-harvest ques-
tionnaire.
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Figure 4.3: Yearly Rainfall in Waves One and Two
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periods. We interpret this as suggestive evidence that temporal variations in labor allocation

and survey timing are unlikely to be driving our results.

Another possible explanation is that rainfall happened to be very good in the three survey
years, which might induce an increase in MRPL over what was expected by farmers.!”
Figure 4.3 presents kernel density estimates of rainfall in waves one and two (the only
waves for which we have rainfall data). The figure shows that rainfall was relatively higher
than normal in wave one but relatively lower than normal in wave two. While we do not

have rainfall for wave three, we can look at other proxies for rainfall. Whenever farmers

17Recall that we use predicted output to construct our main MRPL estimates, which is likely a better predictor
of households’ ex ante expectations. However, results in the appendix also show that the choice of predict
versus actual output does not affect our results.
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report area harvested lower than area planted, they are asked for the cause. In wave three,
around 60 percent of plot-crop observations report lower area harvest than area planted. Of
these, between 80 and 90 percent (depending on whether we use the cross-section or panel
subsample) blame drought or irregular rains. In other words, it appears that wave three was
actually a relatively poor rainfall year in Malawi. Based on these facts, we conclude high

rainfall is unlikely to be driving our high agricultural MRPL estimates.

4.4.2 Correlates of Labor Misallocation

A focus on the median obscures substantial heterogeneity in MRPLs. In this section, we
explore this heterogeneity by exploring the correlates of labor (mis)allocation. We begin
with a simple histogram of MRPL difference in Figure 4.4. For ease of presentation, we
trim the top 5 percent of the sample. Consistent with our empirical results, the vast major-
ity of the distribution lies to the right of zero, with the highest density around 50 MWK.
While there is a wide distribution of MRPL differences, fully 86 percent of household/wave

observations have a positive difference, which underscores the empirical results.

We next examine whether certain variables predict deviations from MRPL equality, with
a particular focus on price and production risk. Table 4.6 and Table 4.7 examine price
risk. In Table 4.6, we split the sample by crop choice and hiring. In Panel A, we look at
households that grow maize (column one) and households that grow tobacco and/or cotton
(column two). Maize is a common subsistence crop and tobacco and cotton are common
cash crops. As shown by Barrett (1996), we expect larger deviations from equality for cash
crops than subsistence crops when price risk affects decision-making. Consistent with this
hypothesis, MRPL difference is more than twice as large for households that grow tobacco
and/or cotton than for households that grow maize. However, given the small sample size

for cash crops, there is substantial imprecision; the standard error is around 40 percent
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Figure 4.4: MRPL Distribution - Pooled Production Function
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MRPL estimates are constructed as in column two of Table 4.4. MRPL difference is constructed as agricultural MRPL minus
non-farm MRPL. The top five percent are trimmed from the figure for ease of presentation.
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Table 4.6: MRPL, Crop Choice, and Hiring

) 2
Panel A: Crop Choice Subsistence (Maize) Cash (Tobacco/Cotton)
Agriculture 73.552%%* 109.278%**
(11.398) (52.374)
Non-Farm 13.775 9.198
(13.688) (29.418)
Difference 47.183** 113.605
(19.350) (70.341)
N (Household/Wave) 2422 405
Panel B: Hires for Ag Yes No
Agriculture 144.275%%* 71.485%%*
(26.984) (7.827)
Non-Farm 16.110 30.255%**
(23.307) (30.255)
Difference 119.240%** 40.046%**
(42.953) (14.896)
N (Household/Wave) 1295 2800
Panel C: Hires for Non-Farm Yes No
Agriculture 104.212%* 79.106%**%*
(52.327) (8.330)
Non-Farm 110.335 13.268
(73.866) (8.874)
Difference 3.625 59.456%**
(88.822) (14.462)
N (Household/Wave) 337 3758

A separate pooled production function is estimated for each column in each panel. Panel A splits the sample by crop choice, Panel B
splits the sample by whether the household hires for agricultural production, and Panel C splits the sample by whether the household
hires for non-farm production. Standard errors are constructed through bootstrapping the process 1,000 times. The bootstrap is set
to draw households. * p < 0.10 ** p < 0.05 *** p < 0.01

larger than the point estimate for the maize subsample. Nonetheless, the pattern supports

the hypothesis.

In Panel B and Panel C, we split the sample by households that hire for agriculture (Panel
A) and for non-farm (Panel B) and estimate MRPL separately for each group. Households
that hire for agricultural production have much higher deviations from equality (with agri-
cultural MRPL being higher than non-farm MRPL) than households that do not hire for
agricultural productions. However, this relationship is reversed for households that hire for

non-farm production: MRPL differences are much higher in households that do not hire.
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Table 4.7:

MRPL and Production Characteristics

(1) (2)
Above Median Below Median
Panel A: Output

Ag Median 141.216%** 40.476%**
(23.912) (6.218)

NF Median 30.684 29.679%*
(19.583) (11.689)

Diff. Median 122.875%%* 6.492
(36.921) (10.793)

N (Household/Wave) 2044 2053

Panel B: Acreage

Ag Median 82.795%** 72.194%%*
(11.362) (13.184)

NF Median 13.063 25.517*
(12.999) (14.783)

Diff. Median 67.382%** 39.648%**
(22.566) (19.481)

N (Household/Wave) 2045 2052

Panel C: Crop Sales

Ag Median 85.513#** 71.023%%*
(13.528) (10.785)

NF Median 7.403 35.247+*
(10.148) (15.270)

Diff. Median 85.039%#** 31.222*
(21.821) (18.454)

N (Household/Wave) 1973 2124

A separate pooled production function is estimated for each column in each panel.Panel A splits the
sample by median of total output, Panel B splits the sample by median total acreage, and Panel C splits
the sample by median of crop sales (gross). Standard errors are constructed through bootstrapping the
process 1,000 times. The bootstrap is set to draw households. * p < 0.10 ** p < 0.05 *** p < 0.01
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Interestingly, hiring appears to have the largest effect on MRPL in the activity for which the
household hires. In other words, households that hire for agriculture actually have lower
non-farm MRPL than households that do not hire for agriculture. There is a similar, though
less pronounced, pattern for households that hire for non-farm production, as well. We
might expect these findings in agriculture, where households that hire are more likely to
sell crops on the market (Barrett, 1996). Since all non-farm production is (by assumption)

sold on the market and not consumed, we would not expect such deviations based on hiring.

Table 4.7 presents additional results. We now split households based on the median of
three separate variables: total output, total acreage, and total crop sales in Panel A, Panel
B, and Panel C, respectively. Column one presents MRPL estimates for all households
above the median of the respective variable while column two presents estimates for all
households below the median. If these variables are correlated with marketable surplus,
we expect larger MRPL differences for households above the median than below if price
risk appreciably affects labor allocation decisions. In fact, this is exactly what we see.
When splitting the sample by output, households above the median show a median MRPL
difference of more than 120 MWK, while households below the median show a difference
of just 6 MWK. We see a similar, though less pronounced, pattern for both acreage and
crop sales. This is again evidence that price risk is an important component of agricultural

decision-making.

Having established that price risk appears to be an important predictor of deviations from
MRPL equality, we now move to rainfall. Figure 4.5 presents locally weighted regressions
of MRPL on rainfall in waves one and two. Panel A presents results using rainfall in levels
while Panel B presents results using rainfall CV. It is difficult to come to any conclusions
regarding the direction of the correlation, other than that rainfall appears to have absolutely

no effect on non-farm MRPL. To examine this relationship more formally, we estimate
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Figure 4.5: MRPL and Rainfall
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Table 4.8: Median Regression - MRPL and Rainfall

ey ) 3)
MRPL: Ag NF Diff
Panel A - Regressions one through three: Waves 1 and 2
Current rainfall (mm) 0.023***  (0.001 0.027*
(0.007) (0.008) (0.015)
Rainfall CV 0.346** 0.099 0.354%*

(0.166) (0.107) (0.213)

Panel B - Regressions four through six: Wave 3 only
Rainfall CV 1.787** 0.000 1.353
in Wave 2 (0.803) (0.212) (0.934)

The results are from six separate quantile (median) regressions using the different MRPL
estimates as dependent variables. MRPL estimates come from column two of Table 4.4. In
Panel A, we include waves one and two only. In Panel B, we use the panel component of the
survey to match wave two rainfall CV values with wave three households. Standard errors
are constructed through bootstrapping the process 1,000 times. The bootstrap is set to draw
households. * p < 0.10 ** p < 0.05 *** p < 0.01

MRPL using our main results in Table 4.4. We then estimate quantile (median) regressions
of MRPL on our rainfall values. We present these results in Table 4.8. In the table, there are
six separate regressions. Panel A includes results for waves one and two. When including
both rainfall variables in each regression, clear patterns emerge. Intuitively, higher rainfall
is associated with higher agricultural MRPL and a higher difference. Rainfall CV — which
we use as a proxy of production risk — is also positively correlated with both agricultural
MRPL and MRPL difference. In Panel B, we merge wave two rainfall CV values with wave
three households using the panel component of the IHS. There is substantial measurement
error, as evidenced by the large standard errors and implausible coefficients. However, the
pattern remains: rainfall CV is positively correlated with agricultural MRPL and MRPL
difference, though the relationship is only significant for the former. Overall, it appears

production risk affects labor allocation.
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4.5 Conclusion

In this paper, we examine allocative efficiency across agriculture and non-farm production
in rural households. To the best of our knowledge, this is the first paper to test allocative
efficiency using the marginal product of labor across agricultural and non-farm activities
within the household. We present evidence of labor misallocation in Malawi, though in a
surprising direction; across a number of specifications, agricultural MRPL is consistently
higher than non-farm MRPL. Moreover, we show that risk plays an important role in labor
allocation. Our results suggest that removing risk — or, similarly, insuring farmers against

risk — might result in higher incomes.

These results suggest that the median household could increase its mean income by real-
locating labor out of non-farm production and into agricultural production. In other words,
the results seemingly point to a misallocation of labor. However, failure of MRPL equality
does not imply households can increase their expected utility by reallocating labor. The
fact that risk appears to play an important role in this apparent misallocation suggests that
households may indeed by making rational labor allocation decisions. These results show
that risk leads households to protect themselves ex ante, but at the cost of a lower ex post

income.

Moreover, our findings stand in contrast to a relatively large literature that finds average
productivity is higher in the non-farm sector than the agricultural sector (Gollin et al., 2014;
McCullough, 2017; Young, 2013). However, there are two large differences between most
papers in that literature and this paper. First, we focus only on household production and
restrict our sample to households that operate both non-farm and agricultural enterprises
simultaneously. Second, we estimate the marginal product of labor — which has clear the-
oretical underpinnings — while the majority of the literature estimates the average product

of labor. Importantly, the contrasting results point to different policy conclusions. While
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much of the literature leads one to believe that household welfare might increase if they
reallocated labor out of agricultural production and into non-farm production, our results
suggest the opposite. In fact, a back of the envelope suggests a reallocation of just one
day of labor in this direction would decrease household income by around one-third of
per-capita daily income.

Despite these differences, there are some important caveats to our findings. First, our
sample is a relatively select group of households from just a single country. Previous lit-
erature has focused on a much broader set of countries. Second, our estimation strategy
requires a specific set of identification assumptions. As with all such assumptions, ad-
ditional studies that rely on different identification assumptions are required. Given the
policy implications of our results, testing their robustness across different identification

assumptions and country contexts is necessary.

156



4.6 Paper 3 Appendix



Table 4.A1: Month of Interview by Type of Enterprise

ey 2
Agriculture Non-Farm

January 371 221
February 409 278
March 434 334
April 363 463
May 392 480
June 409 435
July 458 410
August 908 283
September 1442 593
October 1038 482
November 425 261
December 338 179

Counts are the number of observations in the restricted sample (households that operate both types of
enterprises in the same wave) and when they responded to the agricultural module (first column) and non-
farm module (second column). Cross-section households responded to both modules in the same sitting.
Approximately half of panel households responded in the same sitting while the other half responded at
different times.
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Table 4.A3: MRPL Estimates with no Minimum Price Observations

Pooled Production Function Separate Production Functions Collapsed
ey 2 3) “) &)
Simple Median ~ Weighted by Labor Simple Median ~ Weighted by Labor Collapsed
Ag MRPL (Median) 144.143%%* 94.083*** 201.662%** 134.372%%* 101.685%**
(21.437) (9.789) (37.520) (16.937) (12.685)
NF MRPL (Median) 26.975 25.716%* 27.823 26.133 32.661%*
(17.082) (11.549) (29.991) (19.986) (12.836)
Difference (Median) 114.588%** 65.085%** 158.979%** 93.264%** 69.563%**
(33.120) (17.264) (57.004) (29.630) (20.663)
N (Household/Wave) 4160 4160 4160 4160 4160

Standard errors are constructed through bootstrapping the MRPL construction 1,000 times. The bootstrap is set to draw households. MPRL estimates are in 2010 MWK. MRPL difference is
constructed as agricultural MRPL minus non-farm MRPL. The MRPLs in the first and second columns are constructed by estimating a single production function but allowing the effects of
all variables (except household fixed effects) to vary by enterprise type. MRPLs in the third and fourth columns are constructed by estimating separate production functions for agriculture
and non-farm production. In the fifth column, MRPL is constructed by collapsing across plots and enterprises to the household/wave level and estimating a single production function, again
allowing the effects of all variables (except household fixed effects) to vary by enterprise type. Unlike our main estimates, we do not require any minimum number of price observations for
these estimates. * p < 0.10 ** p < 0.05 *** p < 0.01
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Table 4.A5: MRPL Estimates Using Actual Output Instead of Predicted Output

Pooled Production Function Separate Production Functions Collapsed
ey 2 3) “) &)
Simple Median ~ Weighted by Labor Simple Median ~ Weighted by Labor Collapsed
Ag MRPL (Median) 133.007%** 86.289%** 180.967#** 116.759%** 98.435%**
(19.472) (8.699) (32.658) (14.675) (9.877)
NF MRPL (Median) 21.931 20.840%* 19.888 18.744 31.826%**
(15.547) (10.586) (29.825) (19.841) (12.064)
Difference (Median) 110.104%** 63.762%** 142.224°%%* 83.901%** 65.848%**
(31.569) (16.234) (56.740) (29.172) (18.024)
N (Household/Wave) 4097 4097 4097 4097 4097

Standard errors are constructed through bootstrapping the MRPL construction 1,000 times. The bootstrap is set to draw households. MPRL estimates are in 2010 MWK. MRPL difference is
constructed as agricultural MRPL minus non-farm MRPL. The MRPLs in the first and second columns are constructed by estimating a single production function but allowing the effects of
all variables (except household fixed effects) to vary by enterprise type. MRPLs in the third and fourth columns are constructed by estimating separate production functions for agriculture
and non-farm production. In the fifth column, MRPL is constructed by collapsing across plots and enterprises to the household/wave level and estimating a single production function, again
allowing the effects of all variables (except household fixed effects) to vary by enterprise type. Unlike our main estimates, we use actual output instead of predicted output for these estimates.
*p < 0.10 ¥ p < 0.05 *** p < 0.01
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