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Philosophy is perfectly right in saying that
life must be understood backward. But
then one forgets the other clause–that it
must be lived forward. The more one
thinks through this clause, the more one
concludes that life in temporality never
becomes properly understandable, simply
because never at any one time does one get
the perfect to take a stance–backward.

Søren Kierkegaard
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CHAPTER 1

Introduction

According to the most recent 2013 estimates, almost one in ten people in the
world lives on less than US$1.90 a day. Fortunately, this number is considerably
lower than in 1990, when 35 percent of the world’s population would have been
considered poor by this standard. Nevertheless, progress has been uneven as
Asia has seen huge improvements, while extreme poverty remains prevalent in
Sub-Saharan Africa. It is the field of development economics that aims to under-
stand the development process in low-income countries. This field has developed
theories and methods that inform policies and practices promoting economic
growth and welfare for populations in developing and emerging economies. The
next three chapters in this dissertation apply some of these existing theories to
the data. Although the chapters cover a wide variety of topics, and use data on
both households and firms in seven developing countries, they share a common
ground in that their research questions pertain to economic growth theory.

When Robert Solow (1957) put forward his theory of economic growth, he
theorized that economies grow when the inputs to production such as labor and
capital accumulate, and when technologies improve to such an extend that the
productivity of the inputs increases. The Solow model is an exogenous growth
model, because the level of technology is assumed to be exogenous and equally
accessible to all firms. Capital accumulation is financed by savings, but as capital
exhibits diminishing returns, a constant level of technology will force the economy
to, at some point reach, a steady-state where output per worker remains constant.
Chapter 2 looks at consumption and saving decisions by farm-owning households
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2 Introduction

in Indonesia. It looks at savings decisions at the micro level, and presents and
empirically tests a model that explains why accumulation of (farm) capital as in
the Solow model may not necessarily apply to a developing country context.

Modern growth theories (Aghion et al., 2005, Grossman and Helpman, 1991,
Romer, 1990), on the other hand, model technology as an endogenous factor so
that economic growth is the result of increases in technology and human capital.
While capital stock increases with savings, technological knowledge stock grows
as a result of private and public research and development (R&D). This, in
turn, depends on sound institutions and policies, including subsidies for R&D
and education. New ideas allow firms to produce different and better products,
and produce more goods with fewer inputs. In other words: innovation drives
productivity growth, which in turn drives economic growth.

These ideas, or technologies, are considered a public good. This means that
they are at least partly non-rivalrous and non-excludable: if an idea is used by
one person, it does not limit the use of that same idea by another person, and
it is hard to effectively exclude other people from using it. As George Bernard
Shaw, co-founder of the London School of Economics, (allegedly) put it:

If you have an apple and I have an apple and we exchange these
apples, then you and I will still each have one apple. But if you have
an idea and I have an idea and we exchange these ideas, then each of
us will have two ideas.

As a result of the public nature of technology, spillovers can emerge such that
the productivity of a given firm depends on the technology of a neighboring firm.
In theory, spillovers can come both from foreign firms in the form of foreign
direct investment (FDI), and from other domestic firms. Chapter 3 examines
the incidence of productivity spillovers between domestic firms following trade
reforms in India. Productivity spillovers are often thought of as an important
channel of growth, but the research on spillovers among local firms in developing
countries has been scant at best. More specifically, the research looks at spillovers
from an important development policy, namely trade liberalization.

Romer (1990) models productivity growth as the result of an expanding va-
riety of specialized intermediate products. Driven by profits, intermediate input
producing firms have an incentive to perform R&D and to produce new ‘varieties’
of the intermediate inputs. Economic growth increases with the productivity of
research activities. Domestic policies can stimulate the development of these new
intermediate inputs, but Romer (1994) shows that increasing openness, through
increased trade, also leads to an expansion of the number of available intermedi-
ate inputs. Chapter 4 examines whether access to new varieties affects firm-level
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product innovation in five developing counties. In addition to the fact that this
is one of the first studies to examine this effect empirically, it is specifically in-
teresting because it defines innovation in a developing country context by also
including small, incremental innovations that are new to the firm only. This
is quite different from the commonly considered high technology innovations in
developed countries.

These chapters are stand-alone chapters, each with its own introduction,
method, dataset, results and discussion. The choice of countries in each chapter
is driven by a combination of data availability and suitability for the research
question. Finding a reliable dataset with a wide coverage for a developing coun-
try can be a challenge. If a large part of a country’s population is living below
the poverty line, collecting data on firms and households is not a priority, even
if this data may give valuable insights that can help development policy and
practice. Moreover, with limited infrastructure, collecting data in developing
countries can be a time consuming and costly activity.

Chapter 2 examines the saving and investment decisions of self-employed farm-
ing households in Indonesia. For self-employed households in low-income coun-
tries assets not only serve as a store of wealth, but are an important determinant
of current and future income. Therefore, how households spend their farm profits
has important implications for future welfare, as current consumption comes at
the cost of future income. The Indonesian Family Life Survey used in Chapter 2
is a uniquely detailed household-level survey representing about 83% of the pop-
ulation of Indonesia. Rice farming is the predominant self-employed activity of
Indonesian households and because rice farming is heavily dependent on rainfall,
combining household-level data with rainfall data allows for identification of the
causal effect of farm income on savings. Using an instrumental variables strategy
with local rainfall as an instrument for farm profit, no evidence was found to con-
firm the theoretical prediction that - compared to the more wealthy households
- initially poor households have a larger income elasticity of consumption and
save a smaller fraction in productive high-risk assets. In fact, there is no evi-
dence that farmers, poor or rich, invest their farm profits in productive capital.
This study, therefore, casts doubt on a popular belief that government grants to
poor households are an effective way to help the poor enter a virtuous cycle of
increasing incomes.

Chapter 3 examines the incidence of productivity spillovers in India. It is
often argued that the positive effects of policies or institutional reforms on the
productivity of firms are amplified by positive spillovers to other firms. This
chapter uses a comprehensive dataset of Indian manufacturing firms and em-
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ploys spatial econometric techniques to estimate the strength of inter-firm total
factor productivity (TFP) spillovers following trade reforms. The dataset used
in this chapter is one of the few large firm-level datasets in a developing country.
Moreover, India is an especially interesting case because state-level differences
between the twenty-nine states and seven union territories ensure a great deal
of heterogeneity within its country borders. The externally imposed tariff re-
ductions in the early 1990’s provide a useful source of variation in TFP that
allows for endogeneity-robust estimates of TFP spillovers. The chapter tests for
spillovers arising from observation, labor mobility and intermediate input use.
On average, there is no evidence for TFP spillovers between Indian manufac-
turing firms after trade liberalization. However, initially productive firms seem
to benefit from TFP increases in other highly productive firms located in their
vicinity, suggesting the that a minimum level of absorptive capacity is necessary
in order to benefit from spillovers.

Chapter 4 examines whether access to imported intermediate inputs affects
product innovation in five developing counties (Bangladesh, Ghana, Kenya, Uganda
and Tanzania). It combines trade data with survey data on innovation and de-
velops a method to determine whether new inputs were essential for the product
innovation. The World Bank Enterprise Survey is a unique survey in the sense
that it contains both quantitative and qualitative questions and is administered
in many countries. A key contribution to the literature of this last chapter is
that it makes use of the descriptive information in qualitative questions. There is
evidence that the number of newly imported varieties has a significantly positive
and sizable impact on product innovations that use new inputs; in particular, in-
novations for which a new input is an essential feature. Furthermore, the chapter
reports suggestive evidence that this effect is driven by access to better quality
imports. Given the large and arguably exogenous expansion of the number of
Chinese firms exporting to the five developing countries, the chapter also ana-
lyzes the effect of firm-varieties from China on product innovation in the five
developing countries. There is evidence in favor of a positive correlation, but a
causal relationship cannot be confirmed.



CHAPTER 2

Farm Profits, Consumption and Saving in
Indonesia

2.1 Introduction
The majority of workers in low-income countries are self-employed in the agri-
cultural sector (Gindling and Newhouse, 2014). This means that a significant
share of household assets is used to generate income. In a context where access
to credit and insurance markets is limited, this implies a strong link between
(future) income, consumption and savings. The accumulation of productive as-
sets, such as land and equipment, comes at the cost of consumption today, but
increases profits and thus income in the future. How self-employed households
allocate their income between consumption and assets, and which share of sav-
ings is allocated to productive (income-generating) assets is therefore crucial to
understanding poverty in the long run.
Most of the rural poor in developing countries are engaged in low productivity
farming and for these households increasing agricultural productivity is an im-
portant way out of poverty (McCulloch et al., 2007). One of the central issues
in development economics is why some households accumulate wealth and ex-
perience a rising income over time while others stay poor. A growing body of
theoretical and empirical literature predicts that poor households invest in low-
yielding (non-productive) assets that carry low risk, whereas those well-off reap
benefits from more profitable risky (productive) investments (see for example
Hoddinott (2006) and Lybbert et al. (2004)). These results imply that the poor
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experience prolonged poverty, while the well-off are getting richer. As a result,
income inequality increases over time. This chapter provides a simple theoret-
ical model and empirical evidence on the consumption and asset accumulation
strategies of rural farm-owning households in Indonesia, who are mostly excluded
from formal financial services (Basu, 2006).
This chapter puts forwards a theoretical two-period model in which households
allocate initial income between consumption and two types of assets. The first
type is called ‘productive asset’; although it generates income, it is risky, meaning
that it may generate a low or high income, depending on the (uncertain) state
of the world in the second period. The second asset is called ‘non-productive
asset’; it yields either no income or very little income. As a result of the subsis-
tence constraint, initially poor households invest a larger share of savings in the
non-productive assets, whereas households that start off with more wealth invest
relatively more in the productive assets. The theoretical predictions generated by
this simple model are in line with those by existing dynamic models (for example
Rosenzweig and Binswanger (1993a), Zimmerman and Carter (2003), Newhouse
(2005), and Berloffa and Modena (2013)). These models, however, do not have
an analytical solution. This chapter provides a traceable alternative which, as
shown, can be modified to model non-productive assets as durable consumption.
The empirical analysis estimates the marginal propensities to consume and ac-
cumulate productive and non-productive assets out of farm income for a sample
of Indonesian rice farmers. To reduce concern for the endogeneity of income, this
chapter uses local rainfall as instrumental variable for rice farm income. Rice, the
most important crop in Indonesia, requires cumulative rainfall that fall within
a certain margin for cultivation: both too little and too much rainfall reduces
output. The results of the empirical analysis indicate that in the entire sam-
ple of farmers the marginal propensity to consume and invest in non-productive
assets is positive, but none of the farm profits are invested in productive farm
assets. Interacting farm income with an indicator for low initial wealth in the
regression, the results imply that there is no difference between the poor and
the rich in marginal propensities to consume and accumulate assets out of farm
income. In fact, neither the poor nor the rich seem to invest any farm profit
in productive assets. Development policy aimed at reducing poverty through
higher agricultural productivity should therefore be designed to increase produc-
tive investments amongst all farmers. Such policies would have welfare improving
effects as they allow poor households to move out of poverty (more quickly), and
overall productivity in the economy would rise because of more productive in-
vestments. The results do not support the idea that giving a (small) grant to
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poor households will help them enter a virtuous cycle of increasing incomes.
This chapter has a number of advantages over the existing literature on consump-
tion and asset accumulation strategies in developing countries. First, it puts for-
ward a simple tractable two-period model that can explain why households with
low initial wealth pursue a strategy of high consumption and low investment in
productive assets. Second, whereas previous studies have generally focused on
either consumption or assets, this chapter presents endogeneity-robust estimates
of both the income elasticity of consumption and asset accumulation. Moreover,
most of the existing studies have relied either on a setting with a well-defined
single productive asset and single non-productive asset, or on two distinct pro-
ductive assets. This chapter, however, uses detailed data on a range of productive
and non-productive assets.
The remainder of this chapter is organized as follows. Section 2.2 puts forward
the theoretical framework and Section 2.3 discusses the existing empirical evi-
dence. The dataset and Indonesian setting are described in Section 2.4. Sections
2.5 and 2.6 present the empirical model and results, respectively, and Section 2.7
provides a conclusion.

2.2 Theoretical framework
Friedman (1957)’s canonical model of permanent income predicts that house-
holds smooth consumption by borrowing when income falls below the expected
value of life-time income, and by saving when income is higher. While exciting
empirical evidence provides at least some support for this hypothesis in devel-
oped countries, the model’s main assumptions are unlikely to hold when applied
to developing countries (Deaton, 1997). First, formal credit markets are often
imperfect or even non-existing, and informal arrangements allow for only partial
consumption smoothing (Dercon, 2002, Morduch, 1995, Townsend, 1995). Liq-
uidity constraints may thus induce households to accumulate physical (rather
than financial) assets in good years, to be sold when a negative income shock
occurs in the future. Second, for the majority of self-employed households, farm
profit, rather than wage income, is the main source of livelihood. Assets are
not only a store of wealth that can be used as a buffer against negative shocks;
productive income-generating assets are in fact vital to securing future income1.

1Another deviation from the permanent income hypothesis arises when household pref-
erences are not quadratic (e.g. the marginal utility is not constant). Then, households may,
instead of saving when income is low and expected future income high, engage in precautionary
savings save to deal with uncertainty of future income (Deaton, 1991).
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In this context, therefore, there is an important distinction between productive
assets that generate uncertain income, and non-productive assets that act as a
store of value only and generate no or very little income. Whereas the former is
risky, the latter - sometimes called a buffer stock - does not carry risk. In the
remainder of this chapter, ‘risky’ and ‘productive’ are used to denote the first
type of asset, and ‘non-productive’ and ‘risk-free’ are used to denote the second.
Examples of productive assets include land and equipment for the farm-business.
Examples of non-productive assets include household jewelry and savings. More
details on the different types of assets are given in Section 2.5. Aside from liquid-
ity constraints and the importance of productive assets for income generation,
households with incomes close to the poverty line struggle to satisfy their basic
physical needs, such as food, water and shelter (Steger, 2000). The requirement
of a minimum subsistence consumption causes poor households to be primarily
concerned with staying alive, thus limiting their ability to save. To illustrate the
implications of these features for household consumption and asset accumulation
decisions, the next section presents a two-period consumption and portfolio allo-
cation model with subsistence consumption. Although the model is a very simple
two-period model, it provides a benefit over existing dynamic models of house-
hold choice which do not have an analytical solution (see for example Rosenzweig
and Binswanger (1993a) and Zimmerman and Carter (2003)).

2.2.1 A two-period consumption and saving model with
subsistence consumption

The household has initial wealth Wt−1 and farm profit πt in year t. After profits
have materialized, the household decides on the size of period t consumption (Ct),
as well as on what share (α) of savings to invest in a risky productive asset, with
the remaining share invested in a risk-free asset. The risk-free return is below the
mean return of the risky assets. The household thus faces the following problem:

max
Ct,α

ln (Ct) + βEt
[
ln
(
(Wt−1 + πt −Ct)

(
(1− α)RF + αRS

))]
, (2.1)

subject to
Ct ≥ C̄, (2.2)

Ct+1 = (Wt−1 + πt −Ct)
(
(1− α)RF + αRS

)
≥ C̄, (2.3)

0 ≤ α ≤ 1. (2.4)
where 0 < β < 1 is the discount factor. Disposable wealth,W = (Wt−1 +πt), can
either be consumed in period t, invested in a risk-free asset with return RF = 1

β ,



Chapter 2 9

or invested in a risky productive asset with return RS , where S denotes the state
of the world. There are two possible states with equal probability: a bad state
with a low return RL and a good state with high return RH . This represents,
for example, good (or bad) rainfall or the occurrence of a natural disaster that
destroys crops2. The proportion of savings invested in the risky asset is given
by α, which falls between 0 (all savings are invested in the risk-free asset) and 1
(all savings are invested in the risky asset). Borrowing is not possible. C̄ > 0 is
the minimum durable consumption level necessary for survival, which is constant
across the two periods. Moreover, as is fairly common in relevant literature, it is
assumed that RL < 1

β < R̄ < RH , which ensures that the share of risky assets
falls between 0 and 1. Finally, it is assumed that W is sufficient for subsistence
in both periods, if the first period’s savings are invested in the risk-free asset:
W ≥ (1 + β) C̄.

The maximization problem can then be written as a Lagrange multiplier prob-
lem with two subsistence constraints:

L = ln (Ct) + βEt
[
ln
(
(W −Ct)

(
(1− α) 1

β + αRS
))]

+

γ [Ct − C̄] + λ
[(
(W −Ct)

(
(1− α) 1

β + αRL
))
− C̄

]
.

(2.5)

The first-order conditions (whose derivations can be found in Appendix 2.B)
are:

∂L

∂Ct
= 0 : 1

Ct
− β

(W −Ct)
+ γ − λ

[
(1− α) 1

β + αRL
]

= 0 (2.6)

and

∂L

∂α
= 0 : βEt


(
RS − 1

β

)
(
(1− α) 1

β + αRS
)
+ λ (W −Ct)

(
RL − 1

β

)
= 0. (2.7)

The solution method to this problem consists of two steps. First, the optimal
consumption and share of risky assets are found for three cases: (1) both subsis-
tence constrains are non-binding (γ = λ = 0), (2) both constraints are binding

2Here, first period’s farm profit is exogenous (denoted by πt), and second period farm income
is endogenously given by E[(Wt−1 + πt −Ct)αRS ], as it depends on the amount of productive
assets. In this specific context, investing in a productive asset means investing in the family
farm.
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(γ > 0 and λ > 0) and (3) only one constraint is binding (γ = 0 and λ > 0 )3.
Second, the values of W for which each of these cases apply are determined, so
that the solutions for C∗t and α∗ are defined as a function of W .

First, consider the case when the subsistence constraint is non-binding in both
periods (γ = λ = 0). The optimal first-period consumption is given by:

C∗t = W

1 + β
(2.8)

and the optimal share of risky assets is given by:

α∗ =
1
β

(
R̄− 1

β

)
(

1
β −RL

) (
RH − 1

β

) , (2.9)

where R̄ = (RH+RL)
2 . This is a fairly standard result from a two-period portfolio

model. Consumption is a constant fraction of wealth and the share of risky assets
depends on the relative returns on the two assets. The larger the ‘high’ return,
the higher α∗, e.g. the more risk the household takes on.

If both constraints are binding (γ > 0 and λ > 0),

C∗t = C̄ (2.10)

and
α∗ = C̄

(W − C̄)(RL − 1
β )
− 1
β(RL − 1

β )
. (2.11)

Finally, if only the second period constraint is binding (γ = 0 and λ > 0),

C∗ = (1− βRH)C̄
(RH −RL) + β(RH − R̄) + (RH −RL)W

(RH −RL) + β(RH − R̄)
(2.12)

and
α∗ = C̄

(W − C̄)(RL − 1
β )
− 1
β(RL − 1

β )
. (2.13)

To find for which values of W the three cases hold, first consider the lower
bound W 0 ≡ (1 + β) C̄. Given this level of wealth, the household has just suf-
ficient wealth to consume the subsistence level in both periods if all savings are

3The analysis in Appendix 2.B shows that γ > 0 and λ = 0 is only possible for W <

(1 + β) C̄. When households have wealth below this minimum, their only hope for survival is
taking on risk. If the low state materializes, however, the household dies. Lybbert and Barrett
(2011) refer to these households as a “hopelessly trapped cohort”.
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invested in the risk-free asset. It cannot invest in the risky assets as next pe-
riod consumption may fall below the subsistence level. Both constraints are thus

binding at this level, e.g. γ > 0 and λ > 0. AtW 2 ≡ (1 + β)C̄
RH−

1
β

RH−R̄

, neither
constraint is binding. SinceW 2 > W 0, there is a lower bound for which both con-
straints are binding and an upper bound for which neither constraint is binding.

Finally, there is an intermediate level W 1 ≡

1 + β

RH−R̄+RH−
1
β

RH−RL

 C̄, such

that for W 0 < W < W 1 both constraints are binding and for W 1 < W < W 2

only the second-period subsistence constraint is binding (γ = 0 and λ > 0).

Therefore, C∗t and α∗ are piecewise functions of W :

C∗t =


C̄ if W 0 ≤ W ≤ W 1

(1−βRH)C̄
(RH−RL)+β(RH−R̄) + (RH−RL)W

(RH−RL)+β(RH−R̄) if W 1 ≤ W ≤ W 2

W
1+β if W ≥ W 2

(2.14)

and

α∗ =



C̄

(W−C̄)(RL−
1
β )
− 1

β(RL−
1
β )

if W 0 ≤ W ≤ W 1

C̄

(W−Ct)(RL−
1
β )
− 1

β(RL−
1
β )

if W 1 ≤ W ≤ W 2

1
β (R̄− 1

β )

( 1
β−RL)(RH−

1
β )

if W ≥ W 2.

(2.15)

The functions are depicted in Figure 2.1 below.

Figure 2.1: Ct and α

(a) Ct (b) α
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Two key assumptions used in this model are that borrowing is not possible
and that utility is given by the log of consumption. While access to capital was
relatively easy in Indonesia until the mid 1980s, two banking reforms, which
removed restrictions on interest rates, made access to capital more difficult to
low-income households (Berloffa and Modena, 2013). As an alternative to formal
capital markets, informal borrowing may instead help smooth consumption and
cope with shocks. Nooteboom and Kutanegara (2002), however, observe that in
rural Java, relatives and other people in the community provide little assistance
in times of need. The specific functional form of the utility function is chosen
because this means that households have decreasing absolute risk-aversion, but
constant relative risk-aversion. Constant relative risk-aversion means that, as
wealth increases, households hold the same percentage of wealth in risky assets
(constant α). This means that the predicted difference in share of risky assets
between the rich and the poor is driven by the subsistence constraint.

2.2.2 Testable predictions
The predictions from the theoretical model can be empirically tested using data
from the Indonesian Family Life Survey. The rice-farming households in this
dataset (see Section 2.4.2) range from poor to very wealthy. Nonetheless, only
very few households have extremely low wealth, so it is assumed that the house-
holds are in the middle to upper wealth ranges, e.g. W ≥ W 1. See Section 2.5
for a discussion on the definition of poor. According to the theory in Section
2.2.1, the constrained (poor) households partly consume and partly invest their
disposable wealth. However, compared to the unconstrained (rich) households
with high initial wealth (W ≥ W 2), they save a larger fraction in non-productive
assets. The empirical strategy exploits the fact that disposable wealth equals
initial wealth plus farm profits (W = Wt−1 + πt). Given wealth in the previous
period (Wt−1), the effect of farm profits πt on consumption and assets accumu-
lation is estimated. Specifically, this chapter tests whether the following two
theoretical predictions are in line with the data: (1) ∂C

∂W is higher for the low
initial wealth (poor) households. In other words, the marginal propensity to
consume out of farm profit is higher for the group of households with low initial
wealth; and (2) ∂(α·(W−C))

∂W , e.g. the marginal propensity to save in risky assets
out of farm profit is higher for rich households.
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2.3 Literature
The previous section showed that, when they are unconstrained, households pre-
fer to smooth consumption by consuming a fixed fraction of disposable wealth
and saving the remainder. Given constant returns, the optimal fraction of sav-
ings in the risky productive asset is also constant and independent of wealth.
However, a minimum level of wealth is necessary for the households to be uncon-
strained. If a household has low initial wealth, it must ensure that consumption
in the second period is at least subsistence. Therefore, the household lowers cur-
rent consumption below the unconstrained optimum and invests less in the risky
asset compared to the unconstrained household. Households with low initial
wealth thus pursue a more defensive portfolio strategy in which they accumulate
safe but less profitable (non-productive) assets to secure at least a guaranteed
future income that is sufficient for subsistence.

The allocation of income between consumption and saving, and the asset
allocation between risky and risk-free assets has been studied in various set-
tings. The remainder of this section discusses the main studies. Rosenzweig
and Binswanger (1993a) are amongst the first studies that examine how farmers
in developing countries allocate their income between productive resources, and
how this allocation depends on initial wealth. The authors develop a theoretical
model linking consumption variability and profit variability. If capital markets
are completely nonexistent and the only income source is farming, the standard
deviation of consumption is completely defined by the standard deviation of prof-
its. At the other extreme, with complete insurance, the standard deviation of
consumption is zero. If household utility positively depends on mean returns but
negatively on the standard deviation of returns, households with higher initial
wealth will pursue a farm investment strategy with a high mean return and a
higher standard deviation, because they are better able to smooth consumption
ex-post since their initial wealth may serve as collateral for loans. Using data
on Indian farmers, the authors find that households experiencing larger weather
variations select less risky portfolio’s, and most notably that this effect declines
with initial wealth.

Zimmerman and Carter (2003) develop a model of inter-temporal utility max-
imization with no credit markets and a minimum subsistence consumption. Be-
cause a closed-form solution is not attainable, the model is simulated using data
from Burkina Faso. Richer households smooth consumption while acquiring a
high yielding (risky) portfolio, while poorer households hold a lower yielding
portfolio and pursue asset smoothing. A similar result arises in Dercon (1998),
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Newhouse (2005) and Berloffa and Modena (2013), albeit for different reasons.
Whereas the results in Zimmerman and Carter (2003) depend on a minimum
subsistence consumption, results produced by Dercon (1998) are driven by the
presence of lumpy investments. Using data from Tanzania, where cattle is a prof-
itable but lumpy investment for farmers, the authors conclude that richer house-
holds own cattle and use it for consumption smoothing, while the poor resort to
low return, low risk assets. Similar bifurcated optimal portfolio and consumption
strategies arise in Newhouse (2005) and Berloffa and Modena (2013) because of
a minimum asset level. Due to the risk of falling below the minimum required
asset level, poor households destabilize consumption in order to smooth assets,
while the non-constrained richer households engage in consumption smoothing.
These strategies have long-term consequences, as poor households choose safe
but low-return activities, thereby increasing the gap between the rich and the
poor.

Some of these studies conclude that bifurcating asset accumulations result in
a poverty trap as poor households are unable to accumulate sufficient assets to
generate income above the poverty line (for example Hoddinott (2006) and Bar-
rett et al. (2006)). As the rich grow richer due to their profitable investments,
the poor stay behind. As a result, initial inequality worsens over time. However,
the existence of such a poverty trap relies on very specific assumptions and may
need unrealistic values for the model parameters (Kraay and Raddatz, 2007).
This may explain the mixed evidence on the existence of traps, even when con-
sumption and asset decisions are found to depend on initial wealth. Jalan and
Ravallion (2004) and Lokshin and Ravallion (2004), for example, find that, even
though households with higher incomes smooth consumptions more than poor
households, this nonlinearity in income and expenditures does not lead to a trap.

This chapter is closely linked to the existing empirical literature, but provides
two main advantages. Firstly, as a methodological contribution, this chapter
combines endogeneity-robust instrumental variable estimates of both the income
elasticity of consumption and asset accumulation. While Dercon and Krishnan
(2000) estimate the effect of rainfall and crop failure on household consumption,
this chapter takes into account that weather conditions affect households though
farm income by estimating a two-stage model. Moreover, this chapter examines
both consumption and asset accumulation, compared to Berloffa and Modena
(2013) who rely on descriptive statistics for the asset analysis, and to Rosenzweig
and Binswanger (1993a) who consider only asset portfolio composition. Second,
most of the existing studies have either focused on a setting in which there is
a clear choice between a single productive (risky) asset and consumption (for
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example Hoddinott (2006) and Barrett et al. (2006)), or between consumption
and two specific assets (for example Rosenzweig and Binswanger (1993b) and
Zimmerman and Carter (2003)). This chapter, however, exploits detailed data
on a variety of assets and consumption categories.

2.3.1 Farming in Indonesia
Due to rapid growth of the manufacturing sector, agriculture’s share of GDP in
Indonesia was only 15% in 2010, whereas it had been 45% in 1970. Neverthe-
less, the sector’s employment share is 40%, and for the rural poor, agriculture is
both their main source of employment and their own food supply (Siregar et al.,
2012). In fact, smallholders produce 90% of total rice and maize output on 87%
of the cultivated land (Jeon, 2013). Low public and private investment since the
1990’s explains the sector’s low productivity (Blanco Armas et al., 2012). One
of the explanations for this lack of investment is the limited access to credit and
low formal eduction, as well as limited land-owning. Using the Indonesian farm-
ers household panel survey, Siregar et al. (2012) find that farmers who owned
land invested more in productive assets, compared to tenant farmers who spent
more on non-productive investment. Moreover, only few rural farm-land owners
have registered their land, limiting access to credit and capital formation, and
preventing returns to scale due to the consolidation of property (OECD, 2015).
Another limiting factor is the low level of financial literacy in Indonesia (Cole
et al., 2009) which may explain why households acquire fewer assets (Lusardi
and Mitchell, 2007). Despite the government’s effort to introduce safety nets in
response to the Asian Crisis in 1997, these programs suffered from low coverage
and bad targeting. Large numbers of poor were not covered, while significant
shares of the benefits went to the non-poor (Sumarto et al., 2002). Examining
the responses of Indonesian farmers to a crop loss, Berloffa and Modena (2013)
find that the most common strategies are taking an extra job or reducing expen-
ditures. This study looks specifically at consumption and saving elasticities of
farm-income, and off-farm income is considered in a robustness analysis.

2.4 Data

2.4.1 Data sources
Household-level socio-economic data is obtained from the fourth wave of the
Indonesian Family Life Survey (IFLS). The survey was first administered to a
random group of 7,224 households across 13 of Indonesia’s 27 provinces in the
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first wave 1993. Households were reinterviewed in 1997, 2000 & 2007. Across
all waves, 90.3% of IFLS1 dynasties were either interviewed or had died. These
high re-interview rates reduce the risk of bias due to nonrandom attrition. In
particular, Thomas et al. (2001) study the attrition in the first three waves of
the IFLS and find that attrition was low because movers were followed, and that,
when compared to non-movers, non-tracked movers were not different in terms
of baseline household characteristics. This is especially relevant in the context of
studying income and asset dynamics because there is a valid concern that attri-
tion may well be due to endogenous shocks (Lokshin and Ravallion, 2004). The
IFLS contains questions on the household’s current situations, as well as a num-
ber of retrospective questions. This study uses data from the last wave because
it is the only survey round with detailed farm income data. The sample consists
of approximately 2000 rice farmers. Household values of consumption and as-
sets are constructed per adult equivalent, where the number of adult equivalent
household members is defined as 1 + 0.7 · (adults− 1) + 0.5 · children. Children
are household members aged 17 or younger. Rainfall data is extracted from the
Asian Precipitation Highly Resolved Observational Data Integration Towards
Evaluation of Water Resources (APHRODITE) rainfall dataset (Yatagai et al.,
2012), which captures rain-gauge-based 0.25 degree daily grid precipitation. The
gridded daily rainfall data is linked with each of the 168 communities (keca-
matans/ districts) in which the IFLS households reside. Rainfall is measured
as total rainfall in the 90 days post monsoon onset. Monsoon onset is defined
as the first day following August 1st in which cumulative rainfall since August
1st exceeds 200mm. Section 2.5.1 explains in more detail the relevance of this
rainfall variable in the context of Indonesian rice farming.

2.4.2 Descriptive statistics
Table 2.4.1 reports the summary statistics of the variables used in the empirical
analysis. The average head of the household is 54 years old, male and married,
and the average household size is 6 persons. The mean harvest value per adult
equivalent is 135 US dollars, but the distribution is skewed due to the existence of
some very large farms. Mean monthly expenditures are almost 70 dollar per adult
equivalent, which is about 2 dollars a day. Total (initial) household wealth is
4,268 dollars on average. There is great variability in post-onset monsoon rainfall
across villages, varying from only 34.8 mm to 1241.8 mm. A further inspection
of the data (not reported) reveals that, in the full sample, all households own
agricultural equipment (such as machines, saws, axes), but 14% of the farmers
do not own land. The asset-poor (defined as below median total assets) are quite
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different, in that more than 30% of them do not own land.

Table 2.4.1: Summary statistics

Variable Mean Std. Dev. Min. Max. Observations
Age head of HH 54.1 12.9 23 96 1607
Head of HH married (yes/no) 0.9 0.3 0 1 1607
Head of HH male (yes/no) 0.9 0.3 0 1 1607
Household size 6.2 2.7 1 38 1999
Harvest value 135.1 261 0 5842.4 1998
Monthly expenditures 69.8 57 5.6 852.2 1398
Total assets 4658.6 7038.3 5.8 82205.34 1743
Total assets anno 2000 4268.3 6723.7 0 83137.2 1441
Savings (stock) 32.3 219.3 0 6348.8 1959
Jewelry bought 4.9 30.3 0 428.9 1996
HH assets bought 61.8 346.6 0 11684.8 1998
Farm land bought 9.6 136.4 0 4449.2 1997
Farm livestock bought 10.2 187.5 0 8080.1 1996
Other farm assets bought 21.4 234.9 0 8080.1 1993
Monsoon rain (in mm) 351.7 157 34.8 1241.8 1999

Table reports summary statistics on the sample of rice-farming households. All data, except total assets 2000,
is taken from the fourth wave of the IFLS, which records data for the year 2007. Total assets in year 2000 is
taken from IFLS3. Total assets is the sum of households, farm and non-farm business assets. All monetary
values are per adult equivalent and measured in 2007 US dollar.

Poverty transition

One way to capture the extent of poverty transitions is to look at the poverty
transition probabilities from one period to the next. While the empirical analysis
discussed in Section 2.5 below uses only the fourth wave of the IFLS due to
data limitations, expenditure data is available for all four waves. A household is
considered poor if its expenditures fall below the Indonesian Bureau of Statistics’
poverty line of 182.636 Rp a month (which translates to approximately $1.07
PPP). Table 2.4.2 shows that 54.31% of the households that were poor at any
time during one of the first three periods remained poor in the next period;
45.69% of these households were able to escape poverty in the next period. And
for those households who were not poor during one period, 80.85% remained
non-poor during the next period. Thus, there is considerable variation in poverty
within households over time. Specifically, it provides some evidence against the
poverty trap hypothesis: about half of the people that were poor in one of the
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periods were non-poor the next period4.

Table 2.4.2: Poverty ($1.07) transition probabilities

non-poor poor

non-poor 80.85% 19.15%

poor 45.69% 54.31%

Another way to look at poverty transitions is to examine, for a number of consec-
utive periods, how many households remain poor throughout all periods, which
households are never poor, and which households are poor during some, but not
all, periods. Tables 2.4.3 and 2.4.4 below indicate for the first three and last
three periods respectively, how many households fall in each of the eight possible
categories. These categories are: always poor, never poor, only poor in period 1,
only poor in period 2, only poor in period 3, poor in the first two periods, poor in
the last two periods and poor in the first and last period. The last six categories
can be taken together as ‘sometimes poor’, in contrast to those households that
are either never poor or always poor.

Table 2.4.3: Poverty dynamics over period 1993-2000

1993 non-poor poor

1997 non-poor poor non-poor poor

2000 non-poor 49.49% 5.39% 11.15% 6.32%

poor 7.22% 4.98% 5.91% 9.54%

The average poverty rate across the first three periods (1993-2000) in the sample
is 27.03%. However, poverty dynamics in Table 2.4.3 indicate that half (49.49%)
of the sample households are never poor and 9.54% of the households are always
poor. This means that a large part of the poor in each year are households that
are sometimes poor. For the last three year periods (1997, 2000 and 2007), a sim-
ilar pattern emerges (see Table 2.4.4): 42.62% of all households are never poor,

4Part of the transitions as observed in Table 2.4.2 may be the result of measurement er-
ror around the poverty line, although it is unlikely that all of the transitions result from to
measurement error. Strauss et al. (2010) find that measurement error increases the percent-
age moving out of poverty in the Korean Labor and Income Panel Study (KLIPS) by 4 to 12
percentage points, from 32-40% to 44%.
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Table 2.4.4: Poverty dynamics over period 1997-2007

1997 non-poor poor

2000 non-poor poor non-poor poor

2007 non-poor 42.62% 7.71% 7.04% 5.64%

poor 10.70% 6.94% 6.32% 13.02%

13.02% are poor during all three periods and thus 40.36% are sometimes poor.
With a 30.23% average poverty rate across these years, again a significant pro-
portion of the poverty can be explained by households that are sometimes poor.
This result is consistent with Baulch and Hoddinott (2000, p.6) who examine
studies on thirteen panels located in ten developing countries and find that: “in
most of the studies, the category of ‘sometimes poor’ is larger, sometimes by a
considerable amount, than the ‘always poor’ ”.

2.5 Empirical strategy
The empirical strategy employed in this chapter exploits rainfall-induced varia-
tions in the level of farm profits across households to identify the income elastici-
ties of consumption and asset accumulation. The baseline two-stage least squares
(2-SLS) regressions has the following second-stage:

yi,j = β0 + β1Harvesti,j +X ′i,jβ + υi,j (2.16)

where yi,j is the outcome variable of household i in village j. All outcome
variables are in natural logarithms (log). The first stage predicts the log of
household per adult equivalent (paq) rice harvest value using Rainfall, Rainfall2:

Harvesti,j = α0 + α1Rainj + α2Rain2
j +X ′i,jα+ εi,j (2.17)

where Rainj is the log of cumulative rainfall in the 90 days since the start of
the monsoon in village j, and Xi,j is the set of controls which includes the age,
gender and martial status of the head of the household, the number of household
members and province dummies. To differentiate the effects on consumption,
productive and non-productive assets, regression Equation (2.16) is run using dif-
ferent types of consumption goods and assets as outcome variable yi,j . The asset
types include different (productive) farm assets and non-productive (household)
assets such as savings, jewelry and household appliances (see Appendix 2.C for
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the list of specific assets included in each category). Farm assets are considered
productive (risky) assets because they generate uncertain income. Household
assets are considered non-productive as they do not generate income, but can
act as a store of wealth.

In the operationalization of the theoretical model, two problems arise. First,
it is not a priori clear which assets are productive (and risky) and which are
non-productive. The existing theoretical and empirical literature offers little
guidance, with the exception of Siregar et al. (2012) who use the Indonesian
PATENAS data and define a productive assets as a good that is used to earn
income, and can be sold or rented. Non-productive assets are used in supporting
daily household activities, and savings are used for emergencies. While some
of the productive farm assets included in this chapter (for example equipment)
could be resold if needed, others, such as farm land, may be more difficult to
resell and therefore bear more risk. In the simple model outlined in Section 2.2,
the productive assets are lumped together and have the same risky return. The
possible heterogeneity in riskiness is taken into account by running the regres-
sions on three different sets of purchased farm asset, namely land, livestock &
poultry and other (including buildings, vehicles, irrigation and equipment). Un-
fortunately, the data does not allow for more detailed estimations. Similarly,
some of the household assets, such as a small plot of land of some livestock, may
be more productive and risky than others. Therefore, also separate regressions
are run for different sets of non-productive (household) assets.

Second, the distinction between non-productive assets and (durable) consump-
tion goods may not be well-defined in this context. Consider, for example,
household jewelry. This may serve as a store of value, but is a consumption
good in the sense that it gives utility upon purchase. A variant of the two-period
consumption-saving model that incorporates durable consumption is presented
in Appendix 2.D. The analysis shows that the quantitative results of the base-
line model hold up irrespectively of whether these ‘assets’ are considered risk-free
non-productive assets or durable consumption goods. Specifically, the modified
model predicts that the fraction of farm profits spent on consumption is larger
for poor households and that the share of non-durables (or risk-free saving) in
total consumption is higher for poor households.

To test whether household expenditures on consumption and accumulation of
assets differ based on initial values of wealth, the following regression equation
is estimated:

yi,j = β0 + β1Harvesti,j + β2 (Harvesti,j ·Poori)+ β3Poori +X ′i,jβ+ εi,j , (2.18)
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where Poori is an indicator variable that equals one (1) if the value of total
household assets in the previous period is below the median value in the sample,
and zero (0) if the value of assets exceeds the median. The sample is split
along the median to maximize statistical power. Therefore, the poor are defined
in relative terms: the poor are relatively poor and the rich are relatively rich.
In the text below, this is abbreviated to ‘poor’ and ‘rich’ or ‘poor’ and ‘non-
poor’. Poverty is defined by asset holdings, but the asset-poor households are
also ‘expenditure poor’ in the sense that their mean level of expenditure is below
the international poverty line of $2 a day. The mean household consumption
expenditure by the asset-poor is 48 dollars per adult equivalent per month, and
95 percent lives on less than $4.20 a day. Because the sample consists of rural
farmers in Indonesia who own at least some assets, it is likely that the extremely
poor are not represented in this sample. While the descriptive statistics show
that the minimum monthly consumption is 5.6 dollars, this is most likely to due
measurement error. Nevertheless, despite the fact that these households own
(farm) assets, half of them live on less than $2 a day, making it very possible
that with disappointing farm profits, they will struggle to finance subsistence
consumption. On the other hand, most of the above median (rich) households
are not very rich either. Finding a representative sample of ‘the poor’ remains
a theoretical endeavor, because being poor can mean very different things in
different parts of the world, and even in different parts of the same country.
The sample of Indonesian farming households is nevertheless an interesting case
to study because being self-employed (and thus owning at least some assets) is
very common in developing countries. Section 2.6.3 reports robustness of the
regressions to different definitions of poverty.

The (log) value of rice harvest is interacted with the variable poor (yes/no). If
asset-poor households spend their farm income differently than asset-rich house-
holds, then this will be captured by coefficient β2. In the baseline 2-SLS speci-
fication, both Harvesti,j and (Harvesti,j ·Poori) are defined as endogenous, for
which Rainj and Rain2

j , and (Rainj ·Poori) and
(
Rain2

j ·Poori
)
, are the instru-

ment sets, respectively.
The 2-SLS estimator corrects for all three forms of endogeneity: reverse cau-

sation, omitted variable bias and measurement error. Expectations about future
income may cause consumption and assets to reversely affect farm income, even
if farm income had materialized before consumption. Also, there may be unob-
served factors, such as prudence, affecting both farm income and consumption
spending and asset accumulation leading to omitted variable bias. Finally, al-
though the IFLS data is detailed and thorough, the data may be prone to mea-
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surement error. For example, questions asking households to recall farm profits
from the last seasons may be difficult for them to answer accurately. The instru-
mental variables estimator uses two instruments, namely monsoon rainfall and
monsoon rainfall squared. Under the assumptions that (1) rainfall affects rice
harvest income, and that (2) the instrument set only correlates with the outcome
variables (consumption and assets) through farm income, this strategy leads to
consistent estimates of the income elasticities. These assumptions are discussed
in the next sections.

2.5.1 Rainfall
Rainfall is an important determinant of farm profit in Indonesia, as rice, the
country’s most important crop, requires sufficient rainfall during cultivation. In
particular, paddy fields need to be flooded before planting can begin. Low cumu-
lative rainfall at the beginning of the wet season (monsoon) can delay planting
and subsequently reduce the harvest because a smaller area can be used for cul-
tivation. Naylor et al. (2007, 2001) find a strong positive correlation between
rainfall in September-December (early wet season) and harvested rice area in
January to April (the main harvest period) in Indonesia. Aside from being an
important factor for farm income, rainfall varies sufficiently across communities
due to variation in monsoon trajectories and differences in local topography as
the country consists of more than 17,000 islands which span 5,100 kilometers
from East to West5. The square of rainfall is included as an additional instru-
ment, because while rice requires sufficient rainfall after planting, excessive water
hampers rooting and decreases production (Naylor et al., 2002)6.

This chapter follows a number of existing studies that use rainfall as an exoge-
nous source of variation in household income, relying on the positive correlation
between rainfall and agricultural income, and the premise that rainfall is ex-
ogenous with respect to household behavior (see, for example, Munshi (2003),
Newhouse (2005), Jayachandran (2006), and Rosenzweig and Wolpin (2000) for

5Temperatures, on the other hand, vary little across districts and years because the country
is located near to the equator.

6Naylor et al. (2007) also report that, in addition to cumulative rainfall following the start of
the monsoon, the delay of the monsoon (the number of days past the mean monsoon onset date
over some previous period) may be important for rice farm profit. When including monsoon
delay in the first-stage, however, the effect is insignificantly different from zero. This is in line
with studies using earlier versions of the IFLS data. For example, Skoufias et al. (2012) (IFLS
3) find that it is not delay in the monsoon onset, but the rainfall following the monsoon that
has an impact on the welfare of rice farmers. Korkeala et al. (2009) (IFLS 1-3) find only minor
effects of monsoon delay on rural households’ profits and consumption.
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a survey of natural experiments in economics). In particular, Paxson (1992) as-
sumes that “shocks to rainfall will produce shocks to income but will have no
direct effect on consumption”(p.15). Given the particular effect of rainfall on
rice farming, namely that precipitation is beneficial in moderation, this chapter
uses as its instruments total rainfall and its square rather than rainfall shock.
While weather variations have been extensively used as instruments in empirical
studies, concerns about their exogeneity with respect to household behavior have
been growing. Early critiques came from Rosenzweig and Wolpin (2000), for ex-
ample, who point out that rainfall may affect household consumption through
its impact on relative prices, and Kochar (1999) who notes that weather shocks
may impact relative farm to off-farm employment. More recently, Miller (2015)
argues that the key assumption, that rainfall is patternless and therefore exoge-
nous with respect to farmers’ behavior, is wrong. The author finds that Indian
farmers can and do anticipate seasonal rainfall outcomes and adjust their choice
of crop accordingly.

There are a number of reasons why the use of cumulative rainfall is never-
theless deemed appropriate in this chapter. First, rice planting should be timed
before the peak of the rainy season, which is a hard task for farmers as the tim-
ing and level of precipitation are unpredictable due to monsoon trajectories and
local topography (Naylor et al., 2007). Second, while the rainfall data exhibits
significant autocorrelation7, adjustment of behavior in response to an expected
rainfall outcome is unlikely in our sample of Indonesian rice farmers. Aside from
the strong and persistent preference of rice over other food items in Indonesia,
temporarily switching from rice to other crops is a very costly strategy as rice
farming requires a strict cultivation schedule (Gérard and Ruf, 2001). Moreover,
floodable paddy fields may not be adaptable to the cultivation of other crops.
This lack of adjustment is in line with a study by the United Nations Environ-
ment Programme (UNEP) which finds that most Indonesian farmers maintain
the amount of land used for rice cultivation even when faced with a significant
decline in prices (UNEP, 2005). Third, Table E.2 in the Appendix shows that
lagged monsoon rainfall (rainfall during the 90 days post monsoon onset one
year ago) and mean monsoon rainfall in the past 15 have had no significant ef-
fect on this year’s rice harvest. Finally, when regressing rainfall and its square
on agricultural wage income (earned by working on other people’s farms) or non-
agricultural income, the rainfall variables are not significantly different from zero
(see Table E.3 in Appendix 2.E.1). Therefore, it is argued that monsoon rain-

7As indicated by a significant effect of last year’s monsoon rain on current year’s monsoon
rain. The results of this regression are reported in Appendix 2.E.1.
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fall only affect consumption expenditures and saving decisions through own-farm
revenue.

2.5.2 Instrument relevance
Instrument relevance can be tested by looking at the first-stage regression results.
In accordance with the existing literature on the importance of rainfall for rice
cultivation, column 1 in Table 2.5.1 shows that rainfall has a significant effect
on the value of households’ rice harvest and explains 5.8% of the variation in
harvest value across farmers. The effect of rainfall is quadratic: more rainfall
during the 90 days following the start of the monsoon is good for the rice output,
but beyond approximately 180 cm, additional rainfall begins to have a negative
effect on output8. Interestingly, rainfall has no effect on the reported price per
kilogram of rice (column 2), so the effect on total value comes exclusively from
larger output quantity9. Rice is the most important crop for all households in
the sample, but the households may have other farming activities as well; thus,
their total farm income may differ from the rice harvest value. However, since
rice is the most important crop, it is not surprising that rainfall affects total farm
profits (column 3). While rainfall in general may be important for all types of
agriculture, the 90-day-post-onset window is especially important for rice farming
and thus less relevant for other crops and livestock. In line with Naylor et al.
(2007, 2001), column (4) provides evidence that monsoon rainfall affects harvest
output through the area that can be used for cultivation.

Irrigation is not uncommon among the farmers in the sample. About 66% of
the farmers use some form of irrigation, where water is taken from a water source
(river, lake or aquifer) and led to the field. Irrigated rice fields benefit from both
more or less unreliable natural rainfall. Table E.4 in Appendix 2.E.1, however,
shows that irrigation does not affect the way in which rainfall affects output in
our sample. In addition to that, because having irrigation is likely endogenous,
irrigation is not included in the analyses below.

8This functional form, with log(rain) and log(rain)2 implies a strong increase at low levels
of rainfall, and an asymptotic decline to zero after the peak. This functional form proved the
best fit to the data, compared to specifications with rain and rain2, with only rain or with only
log(rain).

9This is in line with the active market policies to stabilize rice prices that underly Indonesian
food policy. In particular, farmers sell to either village cooperatives that re-sell the rice to the
Bureau of Logistics (BULOG) at a government-determined floor price plus a small commission
fee, or they sell to BULOG directly (Robinson et al., 1997).
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Table 2.5.1: Estimations results - Effect of rainfall on rice farm output

(1) (2) (3) (4)
Harvest value Harvest price Total farm Area planted

paq per kg profit paq (ha)

Log rain 5.96∗∗∗ -0.095 5.38∗∗∗ 6.11∗∗∗

(0.96) (0.25) (0.89) (0.96)

Log rain2 -0.58∗∗∗ 0.0099 -0.52∗∗∗ -0.58∗∗∗

(0.096) (0.024) (0.090) (0.095)
Observations 1341 1297 1424 1445
Partial F-stat 21.1 0.12 24.3 23.9
R2 0.058 0.0005 0.041 0.045

Table reports OLS regressions of rice farm output characteristics on log monsoon rainfall and log monsoon
rainfall squared. All dependent variables are measured in log. Robust standard errors (clustered by commu-
nity) are reported in parentheses. All regressions include province dummies, household size and household
head’s age, martial status and gender. Reported F-stat and R2 are for two rainfall variables only. Significance:
∗10%, ∗∗5%, ∗∗∗1%.

2.5.3 Weak instruments
The two-stage least squares regression is a powerful and widely used method for
estimating linear regressions when at least one of the regressors is endogenous.
Unfortunately, as pointed out by Bound et al. (1993), “the cure can be worse than
the disease” when the excluded instruments are only weakly correlated with the
endogenous regressors. Weak instruments in the first stage can cause overly high
standard errors but also - which is arguably more problematic - inconsistent
estimates in the second stage, even in very large samples. In particular, the
bias from weak instruments can be larger than the bias in OLS. Fortunately,
hypothesis testing that is robust to weak instruments is possible by use of the
AR test (Anderson and Rubin, 1949). A large value of the AR statistic indicates
a violation of the null hypothesis that β1 = 0 in Eq. (2.16). The reasoning
behind the test is as follows: If β1 = 0, and the exclusion restriction holds,
then consumption (assets) should be uncorrelated with the instrument set (here
denoted by the vector Z). Thus, when regressing the instruments on the outcome
variable and the exogenous controls:

yi,j = Zθ+X ′i,jµ+ vi,j , (2.19)

a test of θ = 0 is equivalent to a test of β1 = 0. The AR test is robust to
weak instruments because the statistic’s null distribution does not depend on
instrument relevance.
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2.6 Empirical results

2.6.1 Effect of farm income on expenditures and assets
This subsection presents the IV estimations of Equation (2.16) for different out-
come variables using the full sample of rice farmers. Given that both the de-
pendent variables and independent variables are measured in logs, the estimated
coefficient gives the income elasticity of consumption. Column 1 in Table 2.6.1
shows that a 1% increase in harvest value results in a 0.26% increase in total
consumption expenditures; this result is significant at the 1% level. Taking the
regression sample means of harvest income (135 dollar) and consumption spend-
ing (69.8 dollar) and translating the percentage effects to dollars, this corresponds
to about a 13-cent increase in expenditures per dollar increase in farm revenue
(0.0026·69.8

1.35 ). The instruments are found to be strong, as indicated by a relatively
high F-stat, and the second-stage significance is confirmed by the AR F-test
p-value. Performing a similar exercise for the sub-categories, findings indicate
that 5 cents go to food, 8 cents go to non-food and 1 cent goes to education.
The first-stage instruments are not weak (as indicated by a Kleibergen-Paap F
statistic larger than 10), and the AR F-test p-value confirms the significance
of the effect of farm income. It is important to note that the analysis looks
at spending out of farm income. If a household has other sources of income, a
zero coefficient does not necessarily mean the household does not consume that
item. Nevertheless, farming is the household’s main source of livelihood, so large
amounts of spending out of other income is not expected.

Table 2.6.2 shows the estimated marginal elasticities of income on savings
and assets bought. Due to lack of data on additions to the savings account, total
savings is taken instead. As opposed to the consumption expenditure data, which
was measured in logs, the data on savings and assets bought contains zero values;
taking the natural logarithm therefore excludes these zero observations from the
analysis. Instead, the inverse hyperbolic sine is used. This function is defined at
zero and, except for very small values of the dependent variable, the inverse sine
is approximately equal to log(2y) or log(2) + log(y). Therefore, the variable can
be interpreted in the same way as a standard logarithmic dependent variable.
The results indicate that total savings is not affected by farm profits. This is
not surprising as households in developing countries often have limited access
to a savings account and therefore may save through other types of assets or
durable goods (Caskey, 1994). The effect of harvest value on household assets is
significant at the 1% level. At the mean values of harvest income and household
assets bought, the effect translates to about 32 cents per dollar extra harvest
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Table 2.6.1: Estimations results - Effect of harvest value on expendi-
tures

(1) (2) (3) (4) (5)
Total Food Nonfood1 Nonfood2 Education

Panel A: Second stage
Log harvest value 0.26∗∗∗ 0.17∗∗ 0.35∗∗ 0.74∗∗∗ 0.17∗∗

(0.072) (0.073) (0.14) (0.19) (0.073)

Panel B: First stage

Log rain 6.01∗∗∗ 6.07∗∗∗ 6.05∗∗∗ 5.94∗∗∗ 6.07∗∗∗

(0.96) (0.97) (0.99) (0.97) (0.97)

Log rain2 -0.58∗∗∗ -0.59∗∗∗ -0.59∗∗∗ -0.58∗∗∗ -0.59∗∗∗

(0.097) (0.097) (0.099) (0.097) (0.097)

Observations 907 1331 1327 1327 1331
F−stat 26.4 22.2 21.1 21.2 22.2
AR F-test p-value 0.00085 0.023 0.020 0.0000031 0.023

Table reports IV regressions of consumption spending on log rice harvest value, which is instrumented by
log monsoon rainfall and log monsoon rainfall squared. All dependent variables are measured in logs and
per adult equivalent. Non-food items 1 includes utilities, toiletries, recreation and transportation. Non-food
items 2 includes clothing, household furniture, medical costs and items such as TV and car. All regressions
include province dummies, household size and head of household’s age, martial status and gender. Robust
standard errors (clustered by community) are reported in parentheses. F−stat is the Kleibergen-Paap F
statistic for weak identification. AR F-test p-value gives the p-value corresponding to an F-test of structural
parameters (the AR test) that is robust to weak instruments. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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income. None of the other assets seem to be affected by farm profit. Table E.5
in Appendix 2.E.2 reports the results of estimations using more household asset
categories. Excluding housing and land does not affect the results, which is
explained by the low number of households who have invested in housing (4)
and land (17). Moreover, findings show that a large share of the expenditure
of household assets concerns vehicles. While there exists very little research on
the role of vehicles, Sullivan (2006) finds that in the USA, a significant part of
total wealth of poor families is held in the form of vehicles. These may act as
an important saving mechanism given the lack of financial institutions, and are
an important consumption good as they provide transportation. Surprisingly,
there is no effect of farm income on farm assets. Given that farming is the main
source of livelihood for these households, this is worrying; without other sources
of income, this implies that over time, farmers are not gaining extra income
from expanding farm productivity. The households in the sample do not own
significant amounts of non-farm business assets. Non-reported regressions of the
kind performed in this section show no spending out of farm income on non-farm
business assets.
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Table 2.6.2: Estimations results - Effect of harvest value on assets

Non-productive assets Productive assets

(1) (2) (3) (4) (5) (6)
Savings HH assets Jewelry Farm (excl. Land Livestock

land & livestock)
Panel A: Second stage

Log harvest value 0.29 0.66∗∗∗ 0.093 0.065 -0.017 0.052
(0.22) (0.21) (0.077) (0.089) (0.040) (0.081)

Panel B: First stage
Log rain 6.02∗∗∗ 5.96∗∗∗ 5.99∗∗∗ 5.94∗∗∗ 5.94∗∗∗ 5.97∗∗∗

(0.97) (0.97) (0.98) (0.97) (0.97) (0.97)

Log rain2 -0.58∗∗∗ -0.58∗∗∗ -0.58∗∗∗ -0.58∗∗∗ -0.58∗∗∗ -0.58∗∗∗

(0.097) (0.097) (0.098) (0.097) (0.097) (0.097)

Observations 1317 1341 1340 1336 1340 1339
F−stat 21.8 21.1 21.1 21.1 21.2 21.2
AR F-test p-value 0.047 0.000037 0.51 0.49 0.30 0.27

Table reports IV regressions of asset items bought (except savings which is the total value of household saving)
on log rice harvest value, which is instrumented by log monsoon rainfall and log monsoon rainfall squared.
All dependent variables are transformed by the inverse hyperbolic sine (asinh) and per adult equivalent. All
regressions include province dummies, household size and head of the household’s age, martial status and gender.
Robust standard errors (clustered by community) are reported in parentheses. F−stat is the Kleibergen-Paap
F statistic for weak identification. AR F-test p-value gives the p-value corresponding to an F-test of structural
parameters (the AR test) that is robust to weak instruments. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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2.6.2 Interaction effect of initial wealth
This section reports the results of Equation (2.18). By adding an interaction
term between initial poverty (yes/no) and current farm income, the potential for
an effect of initial wealth on the marginal income elasticities of consumption and
assets can be tested. A household is defined as initially poor if its total value of
assets in the previous survey round was below the sample median. First, consid-
ering expenditures on consumption in Table 2.6.3: None of the interaction effects
are significantly different from zero, meaning that the poor do not have different
marginal elasticities of consumption. The coefficient for poor is negative, which
would indicate that the poor spend less than the rich, although the effect is not
significantly different from zero. The low F-stat, however, points at a potential
problem of weak instruments. Unfortunately, the AR test can only test for joint
significance of the endogenous regressors, so there is no way of telling whether
a variable is individually significant. While the interaction effect is insignificant,
the coefficient on log harvest value is also rendered insignificant for total expen-
ditures, food and eduction, whereas these were significant in Table 2.6.1. This
is not explained by a sample effect (running the regressions on the subsample
of Table 2.6.3 does not affect the results), but is likely the result of the weak
instrumentation that can increase both standard errors and affect the coefficient
estimates in the second stage. Second, there is also no significant interaction
effect in the asset regressions reported in Table 2.6.4. Therefore, there is no
evidence that poor households pursue a less profitable asset portfolio than their
well-off counterparts. In fact, the results suggest that all households in our sam-
ple pursue a safe investment strategy by buying household assets (durables) with
their farm income, while households in neither group spend farm income on farm
assets.
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Table 2.6.3: Estimations results - Effect of harvest value on expendi-
tures conditional upon initial wealth

(1) (2) (3) (4) (5)
Total Food Nonfood1 Nonfood2 Education

Panel A: Second stage
Log harvest value 0.14 0.060 0.35∗ 0.62∗∗ 0.060

(0.13) (0.11) (0.19) (0.26) (0.11)

Log harvest
value*poor

0.12 0.15 -0.043 0.056 0.15

(0.19) (0.13) (0.20) (0.27) (0.13)

Poor -0.70 -0.77 -0.20 -0.52 -0.77
(0.80) (0.54) (0.88) (1.18) (0.54)

Panel B: First stage for Log harvest value
Log rain 4.83*** 5.46*** 5.44*** 5.11*** 5.46***

(1.21) (1.23) (1.25) (1.20) (1.23)

Log rain2 -0.47*** -0.53*** -0.53*** -0.49*** -0.53***
(0.12) (0.12) (0.12) (0.12) (0.12)

Log rain*poor 0.56 0.47 0.48 0.91 0.47
(1.09) (0.92) (0.92) (0.91) (0.92)

Log rain2*poor -0.061 -0.056 -0.057 -0.10 -0.056
(0.11) (0.091) (0.092) (0.091) (0.091)

Panel B: First stage for Log harvest value*poor
Log rain 0.37 0.41 0.43 0.46 0.41

(0.64) (0.55) (0.53) (0.53) (0.55)

Log rain2 -0.040 -0.043 -0.046 -0.048 -0.043
(0.062) (0.053) (0.051) (0.051) (0.053)

Log rain*poor 3.85*** 4.58*** 4.52*** 4.62*** 4.58***
(1.41) (1.19) (1.17) (1.20) (1.19)

Log rain2*poor -0.38*** -0.45*** -0.44*** -0.46*** -0.45***
(0.14) (0.12) (0.12) (0.12) (0.12)

Observations 741 1099 1097 1097 1099
F−stat 2.69 4.60 4.27 4.19 4.60
AR F-test p-value 0.013 0.31 0.23 0.00083 0.31

Table reports IV regressions of consumption spending on log rice harvest value, and log rice harvest value
interacted with a dummy for initially asset-poor. A household is classified as asset-poor if in 2000 the total
value of household assets was below the median value of the sample. All dependent variables are measured in
logs and per adult equivalent. Non-food items 1 includes utilities, toiletries, recreation and transportation.
Non-food items 2 includes clothing, household furniture, medical costs and items such as TV and car. All
regressions include province dummies, household size and head of household’s age, martial status and gender.
Robust standard errors (clustered by community) are reported in parentheses. F−stat is the Kleibergen-
Paap F statistic for weak identification. AR F-test p-value gives the p-value corresponding to an F-test of
structural parameters (the AR test) that is robust to weak instruments. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table 2.6.4: Estimations results - Effect of harvest value on assets con-
ditional upon initial wealth

Non-productive assets Productive assets

(1) (2) (3) (4) (5) (6)
Savings HH assets Jewelry Farm (excl. Land Livestock

land & livestock)
Panel A: Second stage

Log harvest value -0.16 0.48 0.12 0.17 -0.075 -0.10
(0.39) (0.40) (0.19) (0.11) (0.12) (0.21)

Log harvest
value*poor

0.62 0.24 0.071 -0.19 0.019 0.19

(0.45) (0.51) (0.23) (0.16) (0.18) (0.27)

Poor -3.17 -1.04 -0.32 0.83 -0.24 -0.86
(1.99) (2.17) (1.03) (0.69) (0.79) (1.19)

Panel B: First stage for Log harvest value
Log rain 5.21*** 5.24*** 5.26*** 5.22*** 5.21*** 5.26***

(1.24) (1.23) (1.24) (1.23) (1.23) (1.23)

Log rain2 -0.50*** -0.51*** -0.51*** -0.51*** -0.50*** -0.51***
(0.12) (0.12) (0.12) (0.12) (0.12) (0.12)

Log rain*poor 0.87 0.65 0.64 0.65 0.66 0.64
(0.97) (0.94) (0.94) (0.94) (0.93) (0.94)

Log rain2*poor -0.095 -0.073 -0.072 -0.074 -0.075 -0.072
(0.097) (0.093) (0.094) (0.094) (0.093) (0.094)

Panel B: First stage for Log harvest value*poor

Log rain 0.51 0.45 0.49 0.44 0.45 0.46
(0.52) (0.52) (0.53) (0.52) (0.52) (0.52)

Log rain2 -0.053 -0.047 -0.051 -0.046 -0.047 -0.048
(0.050) (0.050) (0.051) (0.050) (0.050) (0.050)

Log rain*poor 4.69*** 4.55*** 4.53*** 4.53*** 4.55*** 4.55***
(1.17) (1.18) (1.17) (1.18) (1.18) (1.18)

Log rain2*poor -0.46*** -0.45*** -0.45*** -0.45*** -0.45*** -0.45***
(0.11) (0.12) (0.11) (0.12) (0.12) (0.12)

Observations 1090 1109 1108 1107 1108 1107
F−stat 4.44 4.24 4.19 4.25 4.24 4.27
AR F-test p-value 0.073 0.00055 0.37 0.043 0.13 0.10

Table reports IV regressions of asset items bought (except savings which is the total value of household
saving) on log rice harvest value, and log rice harvest value interacted with a dummy for initially asset-poor.
A household is classified as asset-poor if in 2000 the total value of household assets was below the median value
of the sample. All dependent variables are transformed by the inverse hyperbolic sine (asinh) and per adult
equivalent. All regressions include province dummies, household size and head of the household’s age, martial
status and gender. Robust standard errors (clustered by community) are reported in parentheses. F−stat
is the Kleibergen-Paap F statistic for weak identification. AR F-test p-value gives the p-value corresponding
to an F-test of structural parameters (the AR test) that is robust to weak instruments. Significance: ∗10%,
∗∗5%, ∗∗∗1%.
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2.6.3 Robustness
A number of analyses was performed in order to check the robustness of the
findings in Section 2.6.2. The regression tables are presented in Appendix 2.E.2.
Firstly, instead of instrumenting for both Harvesti,j and (Harvesti,j ·Poori), the
first-stage regression (Eq. 2.17) is run on the entire sample (results reported
in Table 2.6.1) to obtain predicted values ̂Harvesti,j , after which ̂Harvesti,j and
( ̂Harvesti,j · Poori) are computed and used in the second-stage (Eq. 2.18). This
type of ‘manual’ IV with bootstrapped standard-errors gives unbiased second-
stage coefficients if the instruments Rainj and its square are valid instruments,
and avoids the use of roughly the same instrument set for two different endoge-
nous variables. The results of the regressions are reported in Tables E.7 and E.8,
and are in line with the results presented in the previous sections.

Secondly, instead of interacting the value of harvest with an indicator for
asset-poor, the instrumental variables regression (defined by Eq. (2.16) and
Eq. (2.17)) are run on two samples: a subsample of asset-poor households and a
subsample of asset-rich households. The regression results are reported in Tables
E.9 to E.11. The results show a significant effect of income on non-productive
savings for the poor, but neither groups seem to invest in productive farm assets.

Thirdly, the regressions in the previous sections are also run using three other
definitions of poor. First, poverty is defined in terms of expenditures rather
than assets. The results when defining the poor as those with below median
expenditures in 2000 are reported in Tables E.12 and E.13. The main results
are unchanged. Second, the poor are defined as those with assets below the 75th
percentile and below the 25th percentile, respectively. The results are reported
in Tables 2.E.14 through 2.E.17. Again, none of the conclusions are affected,
although a high level of uncertainty stems from weak first-stages, as indicated
by very low F-statistics.

2.7 Conclusion
Self-employed households in low-income countries depend largely on their pro-
ductive assets to generate income. A growing body of literature has asked
whether households with low wealth are able to accumulate assets over time.
If households are poor because their assets generate insufficient income, but they
are able to expand their assets over time, they will escape poverty at some point
in time. If low-wealth agents cannot accumulate assets, e.g. if they are trapped
in poverty, or if this process is very slow, there is a role for policy makers to help
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poor, self-employed households to increase their income-generating asset base.
This chapter develops a simple theoretical model with subsistence consumption
and two types of assets, a risky productive assets and a risk free non-productive
asset, to explore consumption and portfolio decisions. The optimal share of
savings that is invested in productive assets depends on initial wealth. Poorer
households acquire a lower-yielding portfolio than wealthier households. The
theoretical predictions were not confirmed by an empirical analysis using data
on Indonesian farmers. Following an exogenous income change, both initially
rich and initially poor households increase consumption and investment in non-
productive (household) assets, but neither invests in productive capital.

Given that a large share of the rural (poor) households are engaged in small
holder, low productivity farming, increasing agricultural productivity is a neces-
sary requirement for increasing farm income. According to the analysis in this
chapter, there is no reason to believe that poor households only need a small
push to reach a sufficient level of wealth. Government grants to poor households
are often regarded as a way to help the poor enter a virtuous cycle of increasing
incomes. This study, however, casts doubt on the effectiveness of such polices.
Instead, the results show that, across all wealth levels, Indonesian farmers do
not invest any of their farm profits in risky productive assets.

This lack of productive saving from farm income is in line with the overall low
level of savings by Indian households, which may be explained by the low level
of financial literacy in Indonesia (Cole et al., 2009). Limited knowledge on how
to accumulate assets for the purpose of increasing future income may therefore
be an important limiting factor. The theoretical model in this chapter assumed
rational optimization and perfect foresight by households. Literacy programs
are found to be effective when targeted to uneducated and financially illiterate
households in Indonesia, but (small) financial incentives have a larger effect on
the propensity to open up a savings account and are more cost-effective (Cole
et al., 2009).

Further research into the reasons for this lack of investment, which may or
may not depend on initial wealth, is necessary to inform policy. In particular,
if the poor underinvest because they fear their income may drop below subsis-
tence, policies that guarantee a minimum subsistence level of consumption for
poor households will lift the second-period subsistence constraint so that the
poor can pursue a riskier but higher yielding asset portfolio. Safety net pro-
grams in Indonesia suffer from low coverage and bad targeting (Sumarto et al.,
2002), so there is room for improvement. If overall risk-aversion is at the heart
of underinvestment, there is an important role for risk-reducing policies. In the
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agricultural context, in the short run, such programs would include agricultural
insurance against adverse (weather) effects. Given the low diffusion of formal
agricultural insurance in developing countries and despite the presence of infor-
mal arrangements, households apparently avoid profitable but risky investments
to lower risk (Mobarak and Rosenzweig, 2013). The expansion of agricultural
insurance schemes may therefore play an important role. The existing practice in
Indonesia of announcing a minimum wholesale rice price before the planting sea-
son, actually increases output risk, as lower yields are not compensated by higher
prices. In the medium run, investments in agricultural research and education
programs that develop and promote disease resistant and drought resistant rice
varieties will reduce yield risk. Access to credit may increase the use of relatively
expensive fertilizers and pesticides, which increases output. A necessary require-
ment for this is policy that accelerates land rights registration. By lowering the
tendency of households to buy low-yielding safe assets, instead increasing their
investments in higher yielding productive (farm) assets, such policies would not
only reduce poverty rates in rural areas, but raise overall agricultural productiv-
ity in Indonesia.
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2.A Appendix

2.B Two period model

2.B.1 The problem statement
Given the maximization problem in Eq. 2.5, the first-order conditions are given
by:

∂L

∂Ct
= 0 : 1

Ct
− βEt

[
((1− α) + αRS)

(W −Ct)((1− α) + αRS)

]
+ γ − λ

[
(1− α) 1

β + αRL
]

=0

1
Ct
− β

(W −Ct)
+ γ − λ

[
(1− α) 1

β + αRL
]

=0.

(B.1)
and

∂L

∂α
= 0 : βEt


(
RS − 1

β

)
(
(1− α) 1

β + αRS
)
+ λ (W −Ct)

(
RL − 1

β

)
=0

1
2 · β

(
RL − 1

β

)
(
(1− α) 1

β + αRL
) + 1

2 · β

(
RH − 1

β

)
(
(1− α) 1

β + αRH
) + λ (W −Ct)

(
RL − 1

β

)
=0.

(B.2)

2.B.2 Case 1: Non-binding constraints (γ = λ = 0)
If the subsistence constraint is non-binding in both periods, e.g. γ = λ = 0, the F.O.C.
with respect to Ct (Eq. B.1) is reduced to:

1
C∗
t

− β

(W −C∗
t ) = 0

(1 + β)C∗
t = W

C∗
t = W

1 + β
.

(B.3)
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and the F.O.C. with respect to α is given by:

1
2 · β

(
RL − 1

β

)
(
(1− α) 1

β + αRL
) + 1

2 · β

(
RH − 1

β

)
(
(1− α) 1
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(
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) (
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)
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(
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) (
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)

(
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) (
1
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(
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β

) (
1
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(
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β

))
(
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)
1
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(
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) (
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1
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) (
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2α
(
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) (
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2 1
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β

2α
(
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) (
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= 2 1

β

(
1
β −

(
RH +RL

2

))
.

Denoting R̄ ≡ (RH+RL)
2 , and solving for α gives

α∗ =
1
β

(
R̄− 1

β

)
(

1
β −RL

) (
RH − 1

β

) . (B.4)

For α∗ to fall between 0 and 1, it is necessary that 0 ≤
(R̄− 1

β )· 1
β

( 1
β−RL)(RH− 1

β )
≤ 1.

2.B.3 Case 2: Both constraints are binding (γ > 0 and
λ > 0)

If γ > 0,
Ct = C̄ (B.5)

and if λ > 0, (W −Ct)((1− α) 1
β + αRL) = C̄, which can be rewritten as:

α = αconstrained = C̄

(W −Ct)(RL − 1
β )
− 1
β(RL − 1

β )
. (B.6)

If Ct = C̄, B.6 is given by:

αconstrained = C̄

(W − C̄)(RL − 1
β )
− 1
β(RL − 1

β )
. (B.7)

2.B.4 Case 3: Only second period constraint is binding
(γ = 0 and λ > 0)

If γ = 0 and λ > 0, α given by

αcond = C̄

(W −C)(RL − 1
β )
− 1
β(RL − 1

β )
(B.8)
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and the Lagrangian can be rewritten in terms of C only. Taking the FOC w.r.t C
gives:

1
c
− λ

 RLC̄

(C −W )2
(
RL − 1

β

) − C̄

β(C −W )2
(
RL − 1

β

)
 (C −W )−RLω+ ω + 1

β



−

β

 RH C̄

(C−W )2
(
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β

) − C̄

β(C−W )2
(
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β

) (C −W )−RHω + ω+1
β


2
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β

)
(C −W )

−

β
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(C−W )2
(
RL− 1

β
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β(C−W )2
(
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β

) (C −W )−RLω + ω+1
β


2
(
RLω − ω+1

β

)
(C −W )

= 0,

(B.9)

where ω ≡
 1
β
(
RL−

1
β

) + C̄

(C−W )
(
RL−

1
β

).
The second and fourth term cancel out, and some rearranging gives:

(B.10)
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β C̄

(C −W )
(
RL − 1

β

) − 1
βRL (C −W )
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1
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)2
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(
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1
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(
RL − 1
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1
β (C −W )
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RL − 1

β
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(
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Therefore, Eq. B.9 is reduced to:

1
c

=

(RL−RH )(
RL−

1
β

)
2
(
(RH− 1

β )C̄+ 1
β (RH−RL)(C−W )

)
(
RL−

1
β

) = (RL −RH)
2
((
RH − 1

β

)
C̄ + 1

β (RH −RL) (C −W )
) .

(B.11)
Then solving for C gives:

Ccond = 2 (1− βRH) C̄ + 2 (RH −RL)W
2
(
RH −RL + β

(
RH−RL

2

))
Ccond = (1− βRH)C̄

(RH −RL) + β(RH − R̄) + (RH −RL)W
(RH −RL) + β(RH − R̄) .

(B.12)
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2.B.5 Case 4: Only first period constraint is binding (γ >
0 and λ = 0) (not possible)

There is one other case, namely γ > 0 and λ = 0. If γ > 0 and λ = 0, FOC1
(Eq. 2.6) is reduced to:

−
(

1
Ct
− β

(W −Ct)

)
= γ > 0

−
(

1
Ct
− β

(W −Ct)

)
> 0

β

(W −Ct)
>

1
Ct

W < (1 + β)Ct.

If γ > 0 , Ct = C̄, this holds for

W < (1 + β) C̄. (B.13)

Therefore, γ > 0 and λ = 0 hold only if W is insufficient for subsistence in
both periods if savings are invested in the risk-free asset. The only way for
the household to survive in the second period is to invests in the risky asset.
However, this risk is a necessary one, because there is a positive probability that
the return will be insufficient for subsistence in the next period. Therefore, this
range of wealth is excluded from the analysis.

2.B.6 C and α as a function of W
This section describes for which values of W the three possible cases (1-3) hold.

γ > 0 and λ > 0 (Case 2)

When wealth is equal to the lower bound (W = (1 + β) C̄), consumption equals
the subsistence level and α = 0. Thus, both constraints are binding.

γ = 0 and λ = 0 (Case 1)

If γ = 0, C∗t = W
1+β , and if λ = 0, αconstr ≥ α∗. Therefore,
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1
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(B.14)

Define W 2 = (1 + β)C̄
RH−

1
β

RH−R̄

. Note that W 2 > W 0 as by assumption ( 1
β <

R̄).

γ = 0 and λ > 0 (Case 3)

If γ = 0 and λ > 0, the optimal consumption level is Ccond and the share of risky
assets is αcond. Ccond ≥ C̄ (e.g. Ccond = C̄ is the level of wealth where γ turns
zero) if
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(1− βRH)C̄
(RH −RL) + β(RH − R̄) + (RH −RL)W

(RH −RL) + β(RH − R̄) ≥ C̄

(RH −RL)W
(RH −RL) + β(RH − R̄) ≥ C̄ − (1− βRH)C̄

(RH −RL) + β(RH − R̄)
(RH −RL)W ≥ ((RH −RL) + β(RH − R̄)− (1− βRH)) C̄

W ≥

(
RH −RL + β(RH − R̄+RH − 1

β )
)
C̄

(RH −RL)

W ≥

1 + β

RH − R̄+RH − 1
β

RH −RL

 C̄.
(B.15)

Set W 1 =
1 + β

RH−R̄+RH−
1
β

RH−RL

 C̄, then W 1 > W 0 = (1 + β) C̄, because

RH − R̄+RH − 1
β > RH −RL

2RH − R̄− 1
β > RH −RL

R̄+ 1
β < RL +RH = 2R̄

1
β < R̄.

(B.16)

Which is what was assumed.
Finally, W 1 < W 2 if1 + β

RH − R̄+RH − 1
β

RH −RL

 < (1 + β)

RH − 1
β

RH − R̄


RH −RL + β

(
2RH − R̄− 1
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)
RH −RL

<
RH − R̄+ βRH − 1

1
2 (RH −RL)

RH −RL + 2βRH − βR̄− 1 < 2RH − 2R̄+ 2βRH − 2
(2− β) R̄ < RH +RL − 1

RH +RL − β
(
RH +RL

2

)
< RH +RL − 1

−β
(
RH +RL

2

)
< −1

−R̄ <− 1
β

R̄ > 1
β

(B.17)

Which is true by assumption. Thus, it holds that W 0 < W 1 < W 2.
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Optimal Ct and α as a function of W

Together, this means that the optimal C∗t and α∗ are functions of W :

C∗t =


C̄ if W 0 ≤ W ≤ W 1

(1−βRH)C̄
(RH−RL)+β(RH−R̄) + (RH−RL)W

(RH−RL)+β(RH−R̄) if W 1 ≤ W ≤ W 2

W
1+β if W ≥ W 2

(B.18)

α∗ =



C̄

(W−C̄)(RL−
1
β )
− 1

β(RL−
1
β )

if W 0 ≤ W ≤ W 1

C̄

(W−Ct)(RL−
1
β )
− 1

β(RL−
1
β )

if W 1 ≤ W ≤ W 2

1
β (R̄− 1

β )

( 1
β−RL)(RH−

1
β )

if W ≥ W 2

(B.19)

The following properties of α can be found:

1. For (1 + β)C̄ = W , α∗ = 0.

2. For W 0 ≤ W ≤ W 2, ∂α
∂W = C̄

(W−Ct)
( 1
β−RL

) > 0 and ∂2α
∂W 2 < 0.

3. For W ≥ W 2, ∂α
∂W = 0.

The function of C has the following properties:

1. For W 0 ≤ W ≤ W 1, C = C̄ and ∂C
∂W = 0.

2. For W 1 ≤ W ≤ W 2, ∂C
∂W = 1

1+β
2
.

3. For W ≥ W 2, ∂C
∂W = 1

1+β .
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2.C Asset types
The IFLS Survey Book II (Household Economy) records in detail the value of
purchased business and non-business assets. All values are recorded for the
household total. The full list of all categories is given below. For the ‘other’
categories, only the total value is available, and subtotals are not recorded.

Farm assets:

1. Farm land

2. Poultry and livestock

3. Other (including buildings, vehicles, irrigation equipment, other equipment
and tools)

Non-productive (household) assets:10

1. House (including land)

2. Other buildings

3. Land (not in used in farm business)

4. Vehicles

5. Jewelry

6. Other assets (incl. poultry, livestock, hard stem plants, household appli-
ances & furniture, receivables)

10If a category also mentioned under farm assets (for example land), this means all ‘asset
(land) not used for business’. Therefore, there is no double counting.
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2.D Two period model with durable consump-
tion

2.D.1 The problem statement
In the model in Section 2.2.1, consumption is non-durable and the household’s
choice is between consumption and saving, and between risky saving in a pro-
ductive asset and risk-free saving in a non-productive asset. The non-productive
asset has a certain return which is used to buy consumption in the second period.
Some of these risk-free assets, such as the house, vehicles, household appliances
and jewelry, may instead be considered durable consumption if they provide util-
ity in the first period. The analysis below shows that the results of the main
model - i.e. poor households consume a larger fraction of farm profit and when
they save, they prefer risk-free savings - hold up in cases in which risk-free saving
is done in the form of durable consumption.

The household maximizes:

max
Ct,α

ln (Ct) + βEt
[
ln
(
(W −Ct)RS + (1− α)Ct

)]
, (D.1)

subject to
αCt ≥ C̄, (D.2)

(W −Ct)RL + (1− α)Ct ≥ C̄. (D.3)

Where Ct is consumption in period t and α is the share of non-durables in total
consumption11. 0 < β < 1 is the discount factor andW is total disposable wealth
in the first period. Durable consumption gives utility in the first period, but is
also a risk-free way to save as durable consumption is transferred to the second
period (depreciation is assumed zero). The part of wealth that is not consumed
(W −Ct) is saved in a risky technology, which has an equal probability to return
zero (RL = 0) in the bad state and a high return (RH) in the good state. It
is assumed that RH > 2(1+β)

β which ensures the household is willing to invest
in the risky technology. There is no borrowing. The household faces a subsis-
tence constraint in each period. C̄ > 0 is the minimum durable consumption
level necessary for survival in the first-period. This can be interpreted as a mini-
mum caloric intake, measured here by non-durable consumption, below which the
household falls ill or dies (Dasgupta, 1997). In the second period, the household

11The relative price between these is assumed to be one, and the elasticity is substitution
between durables and non-durables is one.
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must ensure that it has sufficient income to pay for the minimum subsistence
level of durable consumption. This means that the returns on risky saving in the
bad state plus the value of durable goods must exceed the subsistence threshold.
Note that C̄ > 0 in Constraint D.2 implies α > 0.

2.D.2 Unconstrained case (not possible)
If the two subsistence constraints (Equations D.2 and D.3) are not binding,
the household would find it optimal to consume everything in durables (α =
0), as durable consumption gives utility twice, and saves a constant fraction of
household wealth. This situation is, however, incompatible with the subsistence
constraint. Therefore, the fully unconstrained case is not possible.

2.D.3 Both subsistence constraints are binding
If, on the other hand, both constraints bind αCt = C̄ = (1− α)Ct. This gives

αconstr = 1
2 (D.4)

and
Cconstrt = 2C̄. (D.5)

Define W 0 = 2C̄ as the minimum wealth level. Then Cconstrt = W which means
all wealth is consumed and nothing is saved in the risky asset. Instead, half of
total consumption (C̄) is durable and thus transferred to the next period. If the
bad state materializes in the second period, all durable consumption goods are
sold to finance the subsistence level of non-durable consumption. Any wealth
level below 2C̄ would imply the household has no choice but to invest in the
risky asset and hope for the best (as in Lybbert and Barrett (2011)).

2.D.4 Only subsistence constraint D.2 is binding
If αCt = C̄, the maximization problem is reduced to

max
α

ln
(
C̄

α

)
+ β

2 ln
(
(1− α) C̄

α

)
+ β

2 ln
((

W − C̄

α

)
RH + (1− α) C̄

α

)
. (D.6)

Differentiation w.r.t α, and setting equal to zero gives two solutions of which one
satisfies 0 < α < 1:

αcond = (RH − β − 2) 2C̄ + (2 + β)RHW − χ
4RHW − 4C̄ (D.7)
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where

(D.8)χ ≡

√√√√√√R2
H (2 + β)2

W 2 −RHC̄
(
(1− β) 8RH + (4− 2RH) β2

)
W+

+ C̄2
(
β2 (RH − 2)2 + (1 + β) 4R2

H

)
First, note that if W = C̄, αcond equals 1. Let W 1 be the value of wealth for
which the second-period constraint becomes non-binding. Then αcond < 0.5 for

W 1 ≥ (2 + 3β)RH − (1 + 2β)
(1 + β)RH

C̄.

Since RH > 2(1+β)
β , if follows that W 1 > W 0 > C̄.

αcond has the following properties12:

∂αcond
∂W

< 0

and
lim

W→+∞
αcond = 0.

Given the share of non-durable consumption (Eq. D.7), the consumption condi-
tional upon a binding subsistence constraint in the first-period is:

Ccondt = C̄

αcond
.

2.D.5 Only subsistence constraint D.3 is binding (not pos-
sible)

For (1− α)Ct = C̄ (D.3 is binding) and αCt > C̄ (D.2 is non-binding), it must
be that α > 1

2 , which is never optimal.

2.D.6 Ct and α as functions of W
In summary, two possibilities have been ruled out, namely that (1) neither con-
straint is binding, or that (2) only the second-period subsistence constraint is
binding. That leaves two possibilities: either both subsistence constraint are
binding or only the first-period constraint is binding. As shown in Section
2.D.4, for the minimum wealth level W 0 = 2C̄, Cconstrt = W and αconstr = 1

2 .
Moreover, α > 1

2 (thus the second-period constraint becomes non-binding) if
W 1 ≥ (2+3β)RH−(1+2β)

(1+β)RH
C̄, where W 1 > W 0.

12The derivations are presented in Section 2.D.8.
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Combining these results, Ct and α can be defined as a function of W :

Ct =

 Cconstr = 2C̄ if W 0 ≤ W ≤ W 1

Ccond = C̄
αcond

if W ≥ W 1 (D.9)

and

α =

 αconstr = 1
2 if W 0 ≤ W ≤ W 1

αcond = 2RH C̄−4C̄−2βC̄+2RHw−χ
4RHW−4C̄ if W ≥ W 1,

(D.10)

where χ is defined by Eq. D.8.
The functions are depicted in Figure D.1 below.

Figure D.1: Ct and α

(a) Ct (b) α

2.D.7 Comparative statistics
Given that the sample consists of households owning farm-assets, wealth levels
between W 1 and W 1, which imply zero risky savings, are not likely to occur
in the sample. Let W 2 > W 1 be the level of wealth below which households
are defined (asset-) poor and above which households are considered (asset-)
rich. The theoretical model predicts that the fraction of farm profits (leading to
an increase in wealth) spent on consumption will be larger for poor households
( ∂C∂W > 0 and ∂2C

∂W 2 < 0). Moreover, the share of non-durables (or risk-free saving)
α is higher for poor households ( ∂α∂W < 0).
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2.D.8 Derivations section 2.D.4
The asymptote of αcond is given by:

lim
W→+∞

αcond = (2 + β)RH − (2 + β)RH
4RH

= (2 + β)− (2 + β)
4

= 0

(D.11)

To verify whether ∂αcond
∂W < 0, let α1 and α2 be the nominator and de-

nominator of Eq. D.7 respectively. Also let c1 = (RH − β − 2) 2C̄, c2 =
4C̄, c3 = R2

H (2 + β)2, c4 = RHC̄
(
(1− β) 8RH + (4− 2RH) β2

)
, and c5 =

C̄2
(
β2 (RH − 2)2 + (1 + β) 4RH

)
. Then Eq. D.7 can be written as:

αcond := α1(W )
α2(W ) . (D.12)

The quotient rule stipulates that:

∂αcond
∂W

=
∂α1
∂W α2(W )− ∂α2

∂W α1(W )
[α2(W )]2

. (D.13)

Therefore,
∂αcond
∂W

< 0 (D.14)

if
∂α1
∂W

α2(W )− ∂α2
∂W

α1(W ) < 0 (D.15)

which, since αcond := α1(W )
α2(W ) ≤ 1, means that Eq. D.14 holds if

∂α1
∂W

<
∂α2
∂W

(D.16)

Taking the derivative of α1(W ) with respect to W gives

∂α1
∂W

= (2 + β)RH −
(

2c3W − c4
2
√
c3W 2 − c4W + c5

)
(D.17)

and the derivative of α2(W ) with respect to W is:

dα2
dW

= 4RH > 0. (D.18)

Then ∂α1
∂W < ∂α2

∂W if
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RH (2 + β)−
(

2c3W − c4
2
√
c3W 2 − c4W + c5

)
< 4RH

R2
H (2 + β)2 −

(
4c23W 2 − c24

4 (c3W 2 − c4W + c5)

)
< 16R2

H

R2
H (2 + β)2

< 16R2
H +

(
4c23W 2 − c24

4 (c3W 2 − c4W + c5)

)
.

(D.19)
Since the last term on the right-hand side is positive (shown below), this holds
if

R2
H (2 + β)2

< 16R2
H

(2 + β) < 4,
(D.20)

which holds for β < 1.

The derivation below shows that
(

4c2
3W

2−c2
4

4(c3W 2−c4W+c5)

)
is positive, because the nom-

inator and denominator are both positive for W ≥ C̄:

4c23W 2 − c24 > 0
2c3W > c4

W >
c4
2c3

=
RH

(
(1− β) 8RH + (4− 2RH) β2

)
C̄

2
(
R2
H (2 + β)2) ,

(D.21)

which holds if

RH
(
(1− β) 8RH + (4− 2RH) β2

)
< 2

(
R2
H (2 + β)2)

8RH − 8βRH + 4β2 − 2β2RH < 8RH + 4βRH + 2β2RH

−12βRH < 4β2RH − 4β2.

RH >
1

3 + β
.

(D.22)

This holds, since RH > 2(1+β)
β . Therefore if W ≥ C̄ then 4c23W 2 − c24 > 0.

The denominator, 4
(
c3W 2 − c4W + c5

)
, is also positive (as assumed since Eq.

D.7 contains its square root), if:

(
c3W

2 − c4W + c5
)
> 0. (D.23)

Since c5 > 0, this holds if
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(c3W − c4) > 0

W >
c4
c3

W >
RH

(
(1− β) 8RH + (4− 2RH) β2

)
C̄

R2
H (2 + β)2 .

(D.24)

Since it was assumed that W ≥ C̄, it suffices to show that

RH
(
(1− β) 8RH + (4− 2RH) β2

)
< R2

H (2 + β)2

(1− β) 8RH + (4− 2RH) β2 < RH (2 + β)2

8RH − 8βRH + 4β2 − 2RHβ2 < 4RH + 2βRH + β2RH

4RH − 10βRH − 3RHβ2 < −4β2

RH >
4β2

(10β + 3β2 − 4) ,

(D.25)

and since 4β2

(10β+3β2−4) <
2(1+β)
β , this holds.
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2.E Empirical Robustness

2.E.1 Instrumental variables: rainfall

Figure E.1: Long run monsoon rainfall (1960-2005)

Table E.1: ARIMA: Annual rainfall (1960-2005)

Monsoon rain
Constant 664.89

(21.47)
AR(1) 0.29

(0.12)**

σ 96.85
(11.47)

Observations 46

Table reports ARIMA regression of one year lagged
monsoon rain on current monsoon rain. Standard er-
rors in parentheses, clustered at the community level.
Significance: *10%, **5%, ***1%.



52 Farm Profits, Consumption and Saving

Table E.2: Robustness - Effect of last year’s rainfall and mean rainfall
over last 15 years on harvest value

(1) (2)
Log raint−1 5.73

(6.67)

Log rain2
t−1 -0.48

(0.53)

Log mean rain 1.59
(10.6)

Log mean rain2 -0.20
(0.81)

Observations 1423 1423
R2 0.076 0.096
Table reports OLS regressions of farm output on monsoon rainfall
lagged one year and the mean of monsoon rainfall in past 15 years.
All dependent variables are measured in log. Robust standard errors
(clustered by community) are reported in parentheses. All regressions
include province dummies, household size and head of the household’s
age, martial status and gender. Reported R2 are for rainfall variables
only. Significance: ∗10%, ∗∗5%, ∗∗∗1%.

Table E.3: Robustness- Effect of rainfall on off-farm income

(1) (2)
Asinh Asinh(Agricultural

(Non-agricultural income) income non-family farm)
Log rain 1.81 0.77

(3.18) (1.69)

Log rain2 -0.13 -0.072
(0.29) (0.16)

Observations 1486 1486
F−stat 1.51 0.11

Table reports OLS regressions of off-farm income on monsoon rainfall. Robust standard errors
(clustered by community) are reported in parentheses. All regressions include province dummies,
household size and head of the household’s age, martial status and gender. Reported F-stat is for
rainfall variables only. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table E.4: Effect of irrigation on harvest value

No irrigation Irrigation Interaction
Log rainn 7.08∗∗∗ 6.78∗∗∗ 7.26∗∗∗

(2.60) (1.72) (2.45)

Log rain2 -0.67∗∗∗ -0.65∗∗∗ -0.68∗∗∗

(0.24) (0.16) (0.22)

Irrigation (yes/no) 2.18
(8.44)

Log rain * irrigation -0.64
(3.13)

Log rain2*irrigation 0.048
(0.29)

N 418 860 1278
Table reports OLS regressions of log harvest value paq on monsoon rainfall. Column 1 (2) reports the results
for the sub-sample of households without (with) irrigated rice fields, and column 3 reports the results on the
full sample when interacting rainfall with irrigation. Robust standard errors (clustered by community) are
reported in parentheses. All regressions include province dummies, household size and head of the household’s
age, martial status and gender. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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2.E.2 Second stage robustness
Household asset categories

Table E.5: Robustness - Household assets: additional categories

(1) (2) (3)
Total excluding Vehicles Other assets
land and house

Log harvest value 0.67∗∗∗ 0.56∗∗∗ 0.18
(0.19) (0.19) (0.13)

Observations 1341 1341 1340
F−stat 21.1 21.1 21.1
AR F-test p-value 0.000005 0.0000005 0.38
Table reports IV regressions of asset items bought on log rice harvest value. All dependent variables are
transformed by the inverse hyperbolic sine (asinh) and per adult equivalent. All regressions include province
dummies, household size and head of the household’s age, martial status and gender. Robust standard errors
(clustered by community) are reported in parentheses. F−stat is the Kleibergen-Paap F statistic for weak
identification. AR F-test p-value gives the p-value corresponding to an F-test of structural parameters (the
AR test) that is robust to weak instruments. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table E.6: Robustness - Household assets: additional categories and
conditional upon initial wealth

(1) (2) (3)
Total excl. Vehicles Other assets

land and house
Log harvest value 0.50 0.35 0.12

(0.40) (0.36) (0.25)

Log harvest value*poor 0.33 0.31 0.037
(0.56) (0.49) (0.31)

Poor -1.38 -1.26 -0.23
(2.41) (2.14) (1.36)

Observations 1109 1109 1108
F−stat 4.24 4.24 4.23
AR F-test p-value 0.000073 0.00027 0.19
Table reports IV regressions of asset items bought on log rice harvest value, and log rice harvest value
interacted with a dummy for initially asset-poor. A household is classified as asset-poor if in 2000 the total
value of household assets was below the median value of the sample. All dependent variables are transformed
by the inverse hyperbolic sine (asinh) and per adult equivalent. All regressions include province dummies,
household size and head of the household’s age, martial status and gender. Robust standard errors (clustered
by community) are reported in parentheses. F−stat is the Kleibergen-Paap F statistic for weak identification.
AR F-test p-value gives the p-value corresponding to an F-test of structural parameters (the AR test) that
is robust to weak instruments. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Bootstrap with one first-stage

Table E.7: Robustness - effect of harvest value on expenditures: one
first-stage

(1) (2) (3) (4) (5)
Total Food Non-food1 Non-food2 Education

Log harvest value 0.14 0.12 0.36∗∗ 0.64∗∗∗ 0.12
(0.088) (0.11) (0.17) (0.19) (0.11)

Log harvest
value*poor

0.066 0.0052 -0.092 -0.033 0.0052

(0.088) (0.084) (0.11) (0.17) (0.080)

Poor -0.66 -0.25 -0.042 -0.44 -0.25
(0.52) (0.48) (0.62) (0.97) (0.46)

Observations 741 1099 1097 1097 1099

Table reports IV regressions of consumption spending on log rice harvest value, which is instrumented by
log monsoon rainfall and log monsoon rainfall squared. After estimating the first-stage, predicted values for
Log harvest value are used in the second-stage and the errors are bootstrapped. All dependent variables
are measured in logs and per adult equivalent. Non-food items 1 includes utilities, toiletries, recreation and
transportation. Non-food items 2 includes clothing, household furniture, medical costs and items such as
TV and car. All regressions include province dummies, household size and head of household’s age, martial
status and gender. First-stage results are reported in Table 2.5.1. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table E.8: Robustness - Effect of harvest value on assets: one first-
stage

Non-productive assets Productive assets

(1) (2) (3) (4) (5) (6)
Savings HH assets Jewelry Farm (excl. Land Livestock

land and livestock)

Log harvest value 0.13 0.59∗ 0.13 -0.012 -0.079 -0.053
(0.30) (0.32) (0.14) (0.092) (0.081) (0.15)

Log harvest
value*poor

0.15 0.037 0.052 0.17 0.032 0.14

(0.24) (0.24) (0.10) (0.10) (0.060) (0.14)

Poor -1.45 -0.56 -0.41 -0.97 -0.30 -0.83
(1.35) (1.37) (0.58) (0.60) (0.36) (0.79)

Observations 1090 1109 1108 1107 1108 1107

Table reports IV regressions of asset items bought (except savings which is the total value of household saving)
on log rice harvest value, which is instrumented by log monsoon rainfall and log monsoon rainfall squared.
After estimating the first-stage, predicted values for Log harvest value are used in the second-stage and the
errors are bootstrapped. All dependent variables are transformed by the inverse hyperbolic sine (asinh) and
per adult equivalent. All regressions include province dummies, household size and head of the household’s
age, martial status and gender. First-stage results are reported in Table 2.5.1. Significance: ∗10%, ∗∗5%,
∗∗∗1%.
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Subsamples
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Table E.9: Robustness - Effect harvest value on expenditures: subsam-
ples

Total Food Non-food1 Non-food2 Education

Non-poor Poor Non-poor Poor Non-poor Poor Non-poor Poor Non-poor Poor

Panel A: Second stage
Log harvest value 0.19 0.23∗∗ 0.11 0.17 0.43∗∗ 0.29∗ 0.66∗∗ 0.64∗∗∗ 0.11 0.17

(0.13) (0.11) (0.11) (0.11) (0.19) (0.16) (0.28) (0.22) (0.11) (0.11)

Panel B: First stage
Log rain 4.83∗∗∗ 4.72∗∗∗ 5.48∗∗∗ 5.63∗∗∗ 5.47∗∗∗ 5.55∗∗∗ 5.02∗∗∗ 5.76∗∗∗ 5.48∗∗∗ 5.63∗∗∗

(1.34) (1.06) (1.31) (1.07) (1.34) (1.06) (1.30) (1.11) (1.31) (1.07)

Log rain2 -0.47∗∗∗ -0.47∗∗∗ -0.53∗∗∗ -0.56∗∗∗ -0.53∗∗∗ -0.55∗∗∗ -0.48∗∗∗ -0.57∗∗∗ -0.53∗∗∗ -0.56∗∗∗

(0.14) (0.11) (0.13) (0.10) (0.13) (0.10) (0.13) (0.11) (0.13) (0.10)

Observations 353 388 545 554 544 553 546 551 545 554
F−stat 8.95 10.5 9.41 14.2 8.83 13.9 7.99 13.8 9.41 14.2
AR F-test p-value 0.39 0.011 0.32 0.34 0.069 0.18 0.021 0.00081 0.32 0.34

Table reports IV regressions of consumption spending on log rice harvest value, which is instrumented by log monsoon rainfall and log monsoon rainfall squared.
The odd (even) columns show the regressions on the subsample of households who had above (below) median assets in 2000. All dependent variables are measured in
logs and per adult equivalent. Non-food items 1 includes utilities, toiletries, recreation and transportation. Non-food items 2 includes clothing, household furniture,
medical costs and items such as TV and car. All regressions include province dummies, household size and head of household’s age, martial status and gender.
First-stage results are not reported but very much in line with Table 2.5.1. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table E.10: Robustness - Effect harvest value on non-productive as-
sets: subsamples

Savings HH assets Jewelry

Non-poor Poor Non-poor Poor Non-poor Poor

Panel A: Second stage
Log harvest value -0.18 0.39∗ 0.71∗ 0.55∗ 0.27 0.082

(0.44) (0.21) (0.40) (0.33) (0.19) (0.10)

Panel B: First stage
Log rain 5.04∗∗∗ 5.86∗∗∗ 5.18∗∗∗ 5.64∗∗∗ 5.18∗∗∗ 5.64∗∗∗

(1.37) (1.02) (1.34) (1.06) (1.35) (1.06)

Log rain2 -0.49∗∗∗ -0.58∗∗∗ -0.50∗∗∗ -0.56∗∗∗ -0.50∗∗∗ -0.56∗∗∗

(0.14) (0.100) (0.13) (0.10) (0.13) (0.10)

Observations 538 552 550 559 549 559
F−stat 7.52 17.2 8.09 14.6 7.98 14.6
AR F-test p-value 0.30 0.053 0.083 0.015 0.36 0.18

Table reports IV regressions of non-productive asset items bought (except savings which is the total value of household saving) on
log rice harvest value, which is instrumented by log monsoon rainfall and log monsoon rainfall squared. The odd (even) columns
show the regressions on the subsample of households who had above (below) median assets in 2000. All dependent variables are
transformed by the inverse hyperbolic sine (asinh) and per adult equivalent. All regressions include province dummies, household
size and head of the household’s age, martial status and gender. First-stage results are not reported but very much in line with
Table 2.5.1. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table E.11: Robustness - Effect harvest value on productive assets:
subsamples

Farm excl. land and livestock Land Livestock

Non-poor Poor Non-poor Poor Non-poor Poor

Panel A: Second stage
Log harvest value 0.057 0.099 -0.098 -0.039 -0.17 0.19

(0.095) (0.075) (0.094) (0.039) (0.19) (0.12)

Panel B: First stage
Log rain 5.16∗∗∗ 5.60∗∗∗ 5.25∗∗∗ 5.60∗∗∗ 5.21∗∗∗ 5.64∗∗∗

(1.34) (1.06) (1.77) (1.70) (1.33) (1.06)

Log rain2 -0.50∗∗∗ -0.56∗∗∗ -0.50∗∗∗ -0.55∗∗∗ -0.50∗∗∗ -0.56∗∗∗

(0.13) (0.10) (0.17) (0.16) (0.13) (0.10)

Observations 549 558 593 578 549 558
F−stat 8.06 14.4 4.41 7.46 8.27 14.5
AR F-test p-value 0.058 0.36 0.051 0.57 0.68 0.10

Table reports IV regressions of productive asset items bought on log rice harvest value, which is instrumented by log monsoon
rainfall and log monsoon rainfall squared. The odd (even) columns show the regressions on the subsample of households who had
above (below) median assets in 2000. All dependent variables are transformed by the inverse hyperbolic sine (asinh) and per adult
equivalent. All regressions include province dummies, household size and head of the household’s age, martial status and gender.
First-stage results are not reported but very much in line with Table 2.5.1. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Define poor as below the median of initial (2000) expenditures

Table E.12: Robustness - Effect of harvest value on expenditures con-
ditional upon initial wealth: expenditures

(1) (2) (3) (4) (5)
Total Food Non-food1 Non-food2 Education

Log harvest value 0.20 0.072 0.33 0.89 0.072
(0.13) (0.11) (0.23) (0.54) (0.11)

Log harvest
value*poor

0.17 0.17 0.0075 -0.15 0.17

(0.19) (0.14) (0.23) (0.64) (0.14)

Poor -0.88 -0.98∗ -0.38 0.45 -0.98∗

(0.83) (0.60) (1.03) (2.83) (0.60)

Observations 780 1128 1125 1129 1128
F−stat 4.53 3.57 3.70 3.63 3.57
AR F-test p-value 0.00025 0.00050 0.22 0.000084 0.00050

Table reports IV regressions of consumption spending on log rice harvest value, and log rice harvest value
interacted with a dummy for initially asset-poor. A household is classified as poor if total monthly expendi-
tures in 2000 were below the median value of the sample. All dependent variables are measured in logs and
per adult equivalent. Non-food items 1 includes utilities, toiletries, recreation and transportation. Non-food
items 2 includes clothing, household furniture, medical costs and items such as TV and car. All regressions
include province dummies, household size and head of household’s age, martial status and gender. Robust
standard errors (clustered by community) are reported in parentheses. F−stat is the Kleibergen-Paap F
statistic for weak identification. AR F-test p-value gives the p-value corresponding to an F-test of structural
parameters (the AR test) that is robust to weak instruments. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table E.13: Robustness - Effect of harvest value on assets conditional
upon initial wealth: expenditures

Non-productive assets Productive assets

(1) (2) (3) (4) (5) (6)
Savings HH assets Jewelry Farm (excl. Land Livestock

land and livestock)

Log harvest value -0.017 1.08∗∗ -0.076 0.055 -0.068 0.042
(0.43) (0.48) (0.22) (0.12) (0.13) (0.17)

Log harvest
value*poor

0.42 -0.67 0.27 0.025 0.069 0.017

(0.44) (0.57) (0.26) (0.13) (0.14) (0.23)

Poor -2.24 2.88 -1.21 -0.17 -0.41 -0.0086
(1.96) (2.49) (1.15) (0.55) (0.62) (1.00)

Observations 1118 1136 1136 1134 1135 1136
F−stat 3.94 3.64 3.64 3.65 3.67 3.64
AR F-test p-value 0.10 0.0020 0.32 0.31 0.23 0.68

Table reports IV regressions of asset items bought (except savings which is the total value of household saving) on log rice harvest
value, and log rice harvest value interacted with a dummy for initially asset-poor. A household is classified as poor if total monthly
expenditures in 2000 were below the median value of the sample. All dependent variables are transformed by the inverse hyperbolic
sine (asinh) and per adult equivalent. All regressions include province dummies, household size and head of the household’s age,
martial status and gender. Robust standard errors (clustered by community) are reported in parentheses. F−stat is the Kleibergen-
Paap F statistic for weak identification. AR F-test p-value gives the p-value corresponding to an F-test of structural parameters
(the AR test) that is robust to weak instruments. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Define poor as below 75th percentile of assets

Table 2.E.14: Robustness - Effect of harvest value on expenditures con-
ditional upon initial wealth: assets 75th percentile

(1) (2) (3) (4) (5)
Total Food Non-food1 Non-food2 Education

Log harvest value 0.37 0.098 0.52∗∗ 0.93∗∗ 0.098
(0.34) (0.17) (0.24) (0.43) (0.17)

Log harvest
value*poor

-0.17 0.037 -0.25 -0.32 0.037

(0.38) (0.18) (0.24) (0.43) (0.18)

Poor 0.54 -0.42 0.79 1.27 -0.42
(1.72) (0.82) (1.10) (2.02) (0.82)

Observations 741 1099 1097 1097 1099
F−stat 0.69 1.28 1.36 1.31 1.28
AR F-test p-value 0.010 0.65 0.21 0.00026 0.65

Table reports IV regressions of consumption spending on log rice harvest value, and log rice harvest value
interacted with a dummy for initially asset-poor. A household is classified as asset-poor if, in 2000, the total
value of household assets was below the 75th percentile of the sample. All dependent variables are measured
in logs and per adult equivalent. Non-food items 1 includes utilities, toiletries, recreation and transportation.
Non-food items 2 includes clothing, household furniture, medical costs and items such as TV and car. All
regressions include province dummies, household size and head of household’s age, martial status and gender.
Robust standard errors (clustered by community) are reported in parentheses. F−stat is the Kleibergen-
Paap F statistic for weak identification. AR F-test p-value gives the p-value corresponding to an F-test of
structural parameters (the AR test) that is robust to weak instruments. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table 2.E.15: Robustness - Effect of harvest value on assets conditional
upon initial wealth: assets 75th percentile

Non-productive assets Productive assets

(1) (2) (3) (4) (5) (6)
Savings HH assets Jewelry Farm (excl. Land Livestock

land and livestock)

Log harvest value -0.38 -0.0043 -0.44 0.33 -0.27 0.10
(0.66) (0.88) (0.50) (0.25) (0.30) (0.35)

Log harvest
value*poor

0.64 0.80 0.77 -0.33 0.28 -0.087

(0.75) (0.95) (0.61) (0.30) (0.36) (0.39)

Poor -3.88 -3.75 -3.54 1.55 -1.36 0.43
(3.46) (4.42) (2.82) (1.31) (1.67) (1.84)

Observations 1090 1109 1108 1107 1108 1107
F−stat 1.51 1.34 1.34 1.35 1.33 1.35
AR F-test p-value 0.31 0.00052 0.17 0.0100 0.18 0.19

Table reports IV regressions of asset items bought (except savings which is the total value of household saving) on log rice harvest
value, and log rice harvest value interacted with a dummy for initially asset-poor. A household is classified as asset-poor if, in
2000, the total value of household assets was below the 75th percentile of the sample. All dependent variables are transformed by
the inverse hyperbolic sine (asinh) and per adult equivalent. All regressions include province dummies, household size and head
of the household’s age, martial status and gender. Robust standard errors (clustered by community) are reported in parentheses.
F−stat is the Kleibergen-Paap F statistic for weak identification. AR F-test p-value gives the p-value corresponding to an F-test
of structural parameters (the AR test) that is robust to weak instruments. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Define poor as below 25th percentile of assets

Table 2.E.16: Robustness - Effect of harvest value on expenditures con-
ditional upon initial wealth: assets 25th percentile

(1) (2) (3) (4) (5)
Total Food Non-food1 Non-food2 Education

Log harvest value 0.13 0.093 0.30∗ 0.48∗∗ 0.093
(0.094) (0.096) (0.17) (0.19) (0.096)

Log harvest
value*poor

0.28 0.19 0.19 0.71 0.19

(0.21) (0.14) (0.27) (0.44) (0.14)

Poor -1.32 -0.87 -1.10 -3.33∗ -0.87
(0.87) (0.60) (1.15) (1.80) (0.60)

Observations 741 1099 1097 1097 1099
F−stat 2.85 3.53 3.65 3.51 3.53
AR F-test p-value 0.0049 0.15 0.058 0.00049 0.15

Table reports IV regressions of consumption spending on log rice harvest value, and log rice harvest value
interacted with a dummy for initially asset-poor. A household is classified as asset-poor if, in 2000, the total
value of household assets was below the 25th percentile of the sample. All dependent variables are measured
in logs and per adult equivalent. Non-food items 1 includes utilities, toiletries, recreation and transportation.
Non-food items 2 includes clothing, household furniture, medical costs and items such as TV and car. All
regressions include province dummies, household size and head of household’s age, martial status and gender.
Robust standard errors (clustered by community) are reported in parentheses. F−stat is the Kleibergen-
Paap F statistic for weak identification. AR F-test p-value gives the p-value corresponding to an F-test of
structural parameters (the AR test) that is robust to weak instruments. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table 2.E.17: Robustness - Effect of harvest value on assets conditional
upon initial wealth: assets 25th percentile

Non-productive assets Productive assets

(1) (2) (3) (4) (5) (6)
Savings HH assets Jewelry Farm (excl. Land Livestock

land and livestock)

Log harvest value 0.019 0.61∗ 0.16 0.12 -0.074 -0.14
(0.26) (0.32) (0.11) (0.081) (0.073) (0.13)

Log harvest
value*poor

0.68 -0.025 0.082 -0.11 0.013 0.63∗

(0.45) (0.51) (0.21) (0.19) (0.14) (0.32)

Poor -3.20∗ -0.080 -0.31 0.55 -0.16 -2.56∗∗

(1.86) (2.09) (0.83) (0.78) (0.59) (1.26)
Observations 1090 1109 1108 1107 1108 1107
F−stat 3.79 3.70 3.71 3.68 3.70 3.68
AR F-test p-value 0.19 0.0020 0.48 0.27 0.19 0.080

Table reports IV regressions of asset items bought (except savings which is the total value of household saving) on log rice harvest
value, and log rice harvest value interacted with a dummy for initially asset-poor. A household is classified as asset-poor if, in
2000, the total value of household assets was below the 25th percentile of the sample. All dependent variables are transformed by
the inverse hyperbolic sine (asinh) and per adult equivalent. All regressions include province dummies, household size and head
of the household’s age, martial status and gender. Robust standard errors (clustered by community) are reported in parentheses.
F−stat is the Kleibergen-Paap F statistic for weak identification. AR F-test p-value gives the p-value corresponding to an F-test
of structural parameters (the AR test) that is robust to weak instruments. Significance: ∗10%, ∗∗5%, ∗∗∗1%.





CHAPTER 3

Total Factor Productivity Spillovers From
Trade Reforms in India

3.1 Introduction
Assessing the economic impact of a comprehensive policy is a difficult endeavor
and requires a deep understanding of its diffusion through the economy. Trade
liberalization in developing countries is a case in point. Many studies argue that it
raises the total factor productivity (TFP) of firms importing intermediate inputs
(e.g. Amiti and Konings (2007), Goldberg et al. (2010)), but the degree to which
these benefits spread to other firms and sectors remains unclear. Understanding
the diffusion of such benefits is essential for two reasons. First, it is key to
quantifying the total gains from the policy at hand. A common strategy used to
identify the effects of trade liberalization on productivity relies on comparing the
firms likely to be most affected (e.g. importers or firms in industries importing
much) to other firms. If the comparison group is affected by the policy through
indirect (spillover) effects, however, such an estimation only provides a limited
view on the total effects of the policy. Second, the strength of diffusion matters
for the distributive consequences of a policy, the more so if the firms directly
benefiting (e.g. the importers) systematically differ from other firms ex-ante.

This chapter estimates the strength of TFP spillovers across Indian firms in
the period following the trade liberalization episode starting in 1991. Our aim is

This chapter is the result of joint work with Gonzague Vannoorenberghe.

69



70 Total Factor Productivity Spillovers

to determine whether the Indian economy not only benefited through the direct
effect on the productivity of firms most affected by international trade (as found
by Topalova and Khandelwal (2011)), but also through additional spillovers from
the firms directly affected to other firms in the economy. We consider different
channels through which such spillovers could occur. Spillovers can arise among
neighboring firms, as observing new products or best practices is easiest at short
distance (see Audretsch and Feldman (2004) for survey). Knowledge can also be
transmitted across firms through the movement of labor, or through cheaper or
better quality inputs in a vertical relationship. We examine these three channels
in turn and test for the presence of spillovers between firms (i) located close to
one another, (ii) producing goods related in a vertical relationship or (iii) located
in states where labor laws are more flexible (i.e. where we expect more movement
of labor). As a concrete example, consider a textile-dyeing firm in Kerala. The
results of Amiti and Konings (2007) or Topalova and Khandelwal (2011) suggest
that this firm’s TFP increases if the tariffs on its inputs (say chemicals) decrease.
This chapter tests whether the change in this firm’s TFP has additional effects
on the TFP of firms located nearby or on the TFP of Indian garment producers,
which are likely users of dyed textiles as input. We also investigate whether such
spillovers differ between a state like Kerala, where restrictions to labor mobility
are low, and a state like Gujarat, where constraints to labor mobility are much
more severe (see Topalova (2010)). Although we confirm the presence of a direct
effect of input and output tariffs on firm-level TFP (as in Topalova and Khan-
delwal (2011)), we find no evidence in favor of further TFP spillovers between
Indian firms in the short run. However, if we take into account substantial het-
erogeneity in the capacity to gain from TFP spillovers, as well as the source of
the spillovers, we find that firms with a high initial TFP are able to reap the
benefits of productivity increases in neighboring productive firms. This finding
is in line with the theory of absorptive capacity, which dictates that firms need
to possess a minimum level of technological capacity to benefit from other firms’
productivity increases (Cohen and Levinthal, 1989).

To test for spillovers through these three channels, we estimate a fixed ef-
fects (FE) regression including a spatial lag term as independent variable. The
spatial lag captures the average TFP of the set of firms potentially ‘supplying’
the spillover, where this set depends on the theoretical channel considered. As
is well-established in the literature on spatial econometrics, the identification of
such spillovers suffers from a circularity argument, as the increased TFP of gar-
ment producers or of other firms nearby may, in turn, impact the TFP of the
textile-dyeing firm in Kerala. We correct for this bias using the exogenous vari-
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ation in industry-specific tariffs as an instrument for the spatial lag of TFP. We
rely on previous work by Topalova and Khandelwal (2011), who show that the
Indian episode of trade liberalization in the early 1990s was externally imposed
and therefore exogenous from the perspective of India and its firms. In 1991,
India experienced a severe balance-of-payments crisis. It received financial assis-
tance from the International Monetary Fund (IMF), which was conditional on a
structural adjustment program. A key component of this program was liberaliz-
ing trade and the Indian government quickly and drastically reduced tariffs. The
external crisis thus came as a surprise and was unanticipated by firms. Topalova
and Khandelwal (2011) provide empirical evidence that tariff changes until 1997
were uncorrelated with pre-reform firm and industry characteristics such as pro-
ductivity, size or output growth, thus confirming the hypothesis that changes in
tariffs were indeed exogenous. From a methodological perspective, our IV strat-
egy isolates the variation in TFP resulting from trade liberalization, and allows
us to identify the role of trade liberalization in generating TFP spillovers between
Indian firms. To the extent that tariff changes affect firm-level TFP through rep-
resentative channels, our method can also be viewed as a way to measure the
average strength of TFP spillovers in India, regardless of their source. If this is
the case, the fact that we do not find such spillovers may reflect some dysfunction
of the institutional context in India in the 1990s, such as a low mobility of labor
across firms or limited interaction between neighboring firms. However, if tariff
changes raise TFP through very particular channels, and if these channels are
less likely to generate spillovers, our results should be interpreted as evidence
that the TFP increases due to trade liberalization did not spill over to other
firms, except from and to highly productive firms.

Our work relates to the extensive literature on TFP spillovers. Productivity
spillovers are often thought of as an important channel of growth, both in devel-
oped and in developing countries. In developed economies, they allow countries
to escape from decreasing returns to scale (Romer (1990), Grossman and Help-
man (1991)), drive the patterns of spatial agglomeration (Krugman (1991)) and
of international specialization (Ethier (1982)). Although the same theoretical
channels should be at stake in developing countries, the research on spillovers
among local firms in developing countries has been scant at best. Moreover,
this chapter looks specifically at spillovers following trade reforms in a develop-
ing country. Most of the literature on spillovers in developing countries looks
at technology transfers from developed to developing countries, either through
trade flows (if technology is embodied in a product) or through direct contacts
with multinationals (see Javorcik (2004) or Görg and Greenaway (2004) for a
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survey). Lopez and Südekum (2009) show that Chilean manufacturing firms
located close to a large number of potential input suppliers are more produc-
tive. Paz (2014), using the Brazilian episode of trade liberalization in the 1990s,
concludes that there are substantial upstream but no downstream productivity
spillovers among Brazilian industries. In addition to testing the upstream chan-
nel for the Indian economy, we add to this literature by considering a wide range
of potential spillovers and, in contrast to Paz (2014), by using firm-level instead
of industry-level data. To the best of our knowledge, this chapter is the first that
tests for the existence of TFP spillovers between firms following trade reform in
a developing country context. We therefore contribute to a better understand-
ing of the nature and strength of local TFP spillovers in developing countries,
an issue, which in our view, is essential to evaluating and guiding development
policies such as trade reforms. While the heterogeneity in the spillover effects
we find is in line with recent insights from the spillover literature, we first report
the analyses of the average (homogeneous) effects. Since this chapter is the first
to test for a variety of domestic productivity spillovers channels following trade
reform in a developing country, we first introduce these channels and examine the
overall country-wide effects in India, before introducing firm-level heterogeneity.

The remainder of the chapter is structured as follows. Section 3.2 discusses the
main issues in measuring and interpreting TFP spillovers across firms and Sec-
tion 3.3 presents our empirical methodology. Section 3.4 describes the data used
in this study and Section 3.5 highlights our main results. Section 3.6 discusses a
number of robustness tests and Section 3.7 provides a conclusion.

3.2 TFP determinants and sources of spillovers

3.2.1 The determinants of TFP
The literature on the measurement and determinants of firm-level productivity
is extensive and spans many different fields (see Syverson (2011) for a survey).
To guide our discussion, it is worth starting with the definition and measurement
of TFP that we use in this chapter, which are in line with most of the literature.
Consider a firm i in sector s with production function:

Yi,t = Ai,t
∏
f

(hif,tIif,t)αfs , (3.1)

where Iif,t and hif,t respectively denote the quantity and quality of factor f used
by firm i at time t, where αfs is the sector-specific Cobb-Douglas technology pa-
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rameter for factor f , and where Ai,t corresponds to the typical definition of TFP.
As in most of the literature, we do not observe the actual quantities and/or price
of output, but the value of sales, which we deflate through a sector-wide price
deflator Ps. Similarly, we do not observe the quality and/or quantity of inputs,
but the payment to different factors. The empirical measure of productivity that
we use is therefore:

TFPi,t ≡ Log(Ai,t) = Log
(
pi,tYi,t
Pst

)
−
∑
f

αfsLog

(
wif,tIif,t
Pf,t

)
. (3.2)

To the extent that pi,t = Ps,t and that the real price of inputs captures their
quality, the empirical measure of TFP is identical to the one resulting from the
production function (3.1). In this case, TFP reflects the efficiency with which
a firm transforms inputs into output, which is typically thought of as capturing
good managerial practices and talent (see Bloom and Reenen (2007)), or as the
result of R&D and innovations.

If the price charged by a firm (pi,t) differs from the price index of the sector
(Ps,t), this can be a sign that firm i produces an output of better quality. This
dimension should be reflected in TFP, as it shows that using the same input, the
firm can produce a higher quality-adjusted output. On the other hand, a higher
price level can be also a sign of increased market power, which has little to do
with productivity as we understand it1.

On the input side, if the marginal return to the quality of inputs is not fully
priced by the input supplier (wif,t < hif,t), or if all inputs are not fully captured
by the production function2, an increase in TFP can be a sign that the firm uses
better inputs. In the case of Danish firms, for example, Fox and Smeets (2011)
show that a better measurement of the quality of labor can explain some part of
the cross-firm differences in productivity, although not most of it. It is also worth
noting that we do not observe spending intermediate inputs on other than raw
materials, so that an increase in the quality or quantity of intermediate inputs
may be reflected in the TFP measure.

3.2.2 Productivity spillovers
Productivity spillovers take place when the TFP of a firm affects the TFP of
another firm. As mentioned above, TFP captures a whole range of dimensions,

1See De Loecker et al. (2016) for a recent method to separate quality, markups and tech-
nology as determinants of TFP.

2The managerial quality can also be thought of as an input which is not captured in the
production function.
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which can be affected by different channels of spillovers.

We first concentrate on the dimension of TFP which captures the efficiency of
production, quality of products or management practices, which we refer to as
technology. There are different reasons why a firm’s improvement in technology
may raise the technology of other firms. Firms may benefit from the productivity
improvements of others at no cost, simply by observing, reverse engineering
or emulating best practices, reflected in the public good nature of knowledge.
The productivity improvements of others may also affect a firm’s knowledge
generating abilities: if a firm’s technology depends on its own R&D efforts as
well as on the technology of other firms, the marginal costs of innovation will
decrease with the TFP of other firms (e.g. Cohen and Levinthal (1989)). Even
if it is not in the nature of a public good, a firm’s technology choice can affect
the incentives of other firms to innovate, although the direction and size of such
effects depends on the nature of product competition (e.g. Aghion et al. (2005)).
A less competitive environment, by enabling firms to sell more, can raise the
incentives to cut variable costs. On the other hand, it reduces the pressure to
develop a competitive edge.

Although technological spillovers are often justified by the public good nature
of knowledge, they need not be transmitted equally across all firms. The litera-
ture on technology identifies different measures of distance affecting transmission
of knowledge, which we now turn to.

To the extent that technology is not fully embodied in a product, observation
and communication may be important sources of technological spillovers. These
will likely arise mostly between firms located close to each other as posited by
Marshall (1920) and confirmed by others using patent citations (notably Jaffe
et al. (1993), and more recently by Singh and Marx (2013), Murata et al. (2014)
and Belenzon and Schankerman (2013))3. We summarize these spillovers in the
first channel:

Channel 1 Technological spillovers are stronger among firms located close to
one another in space (geographical distance).

Technology may also be transmitted through intermediate inputs. If observing
the technology embodied in intermediate inputs helps improve the technology of
the output (i.e. if input and output goods are “close” from a technological

3Interestingly, Ellison et al. (2010) show that Scherer (1984)’s measure is a determinant of
the co-location of industries, i.e. that localized knowledge spillovers influence the geographical
location of industries.
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perspective), vertical relationships may act as a channel of technology spillovers.
Early advocates of this channel include Brown and Conrad (1967), who use input-
output tables as a proxy for vertical relationships between industries, as well as
Terleckyj (1974), who uses the capital and intermediate inputs purchases matrix
to proxy for the strength of vertical relations. The use of higher quality or cheaper
inputs can also raise the incentives of a firm to improve its production process
or to develop new products, thereby raising its TFP. This channel is very much
in line with the extensive literature on spillovers resulting from foreign direct
investment (see Javorcik (2004) or Görg and Greenaway (2004) for a survey).
These spillovers are captured in our second channel:

Channel 2 Technological spillovers are more likely if firms are in industries
linked by a vertical relationship (vertical distance).

It is worth mentioning that vertical TFP spillovers may also be of a different
nature than technology spillovers. Vertical relationships imply a transaction
between a downstream and an upstream firm, and the price of that transaction
is a key element driving the strength of measured spillovers. Consider a firm j,
supplying factor (intermediate input) f , raising the quality of its product and
selling it to firm i. Formally, this corresponds to an increase of hif,t. If the
increase in quality is not fully priced by the input supplier (hif,t < wif,t), the
increased quality of the supplier will be partly reflected in the TFP of firm i. The
extent to which changes in quality or costs are attributed to the input supplier
or the input user will thus notably depend on the competition structure. With
these problems in mind, Griliches (1991) is reluctant to classify these “pecuniary”
externalities arising through vertical relationships as “true” technology spillovers,
as they relate more to the distributive effects along the supply chain. Although
we do not separately identify these two fundamentally different sources of vertical
spillovers in the data, we consider both of them to be relevant for our analysis,
as both affect the measurement of the total effect of a policy. Looking only at
firms directly affected by a policy may not capture its full effects if some of their
increased productivity is appropriated by downstream firms.

More recently, researchers have questioned the role of technological knowledge
spillovers within clusters through the mechanisms described in Channel 1, and
instead have looked at the benefits of clustering through labor mobility. Workers
exposed to new ideas or management practices in a firm will bring some of their
experience with them when switching firms or founding their own company. If
they do not fully appropriate the benefits that they bring through their wage,
the movement of employees can act as a source of spillovers, be it in the actual



76 Total Factor Productivity Spillovers

production or in the knowledge-creating activities. Several empirical studies have
examined the links between worker mobility and productivity spillovers. Stoy-
anov and Zubanov (2012), for example, use Danish matched firm-worker data
and find that firm productivity increases when firms hire workers from more
productive firms. Poole (2013) find that when workers leave multinationals and
are rehired at domestic Brazilian firms, wages of continuing (incumbent) workers
at these domestic firms see their wage increase. Moreover, the impact is het-
erogeneous: high-skilled former multinational workers are better able to transfer
knowledge and high-skilled incumbent domestic workers benefit more from their
new colleagues. In a recent working paper, Castillo et al. (2014) find wages
are higher in Argentinian firms which hired workers who had participated in a
knowledge enhancing program at the firm they previously worked for. Because
workers are more likely to be re-employed in the area of their previous employer,
such spillovers are more likely to be localized geographically and to occur in
environments where the movement of labor is not impeded by regulation. The
third channel is therefore:

Channel 3 Technological spillovers are more likely if workers move easily across
firms.

Another relevant dimension for determining the strength of TFP spillovers is
technological distance, i.e. how comparable the products of different firms are.
Typical measures of this distance for example include the likelihood that an in-
dustry cites the patents of another industry (Scherer (1982), Scherer (1984), Jaffe
et al. (1993), Thompson and Fox-Kean (2005)) or the likelihood that firms hold
patents in the same fields. Griliches (1991) argues that industry classification
also constitutes a good proxy for technological similarity, as firms in the same
industry are likely to be comparable in terms of the goods they produce and
processes they use. We do not address intra-industry spillovers in our empirical
analysis for lack of a valid instrument for TFP spillovers between firms in the
same industry4 (see Section 3.3.3). However, we consider a possible effect of
absorptive capacity by testing whether spillovers occur more from firms with a
high or low productivity, and to firms with a high or low productivity.

4For the same reason, we do not consider intra-industry competition as a channel through
which the TFP of one firm may affect the TFP of a competitor in the same industry.
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3.2.3 The role of absorptive capacity and the technology
frontier

While recent insights have lent greater importance to firm heterogeneity in firms’
ability to benefit from spillovers, there exist opposing economic theories on
whether a firm needs a minimum level of technology or knowledge to benefit
from other firms’ knowledge. While some argue that firms need a minimum level
of absorptive capacity before they can benefit from the technologies of other firms
(Cohen and Levinthal, 1989, Lapan and Bardhan, 1973), others have put forward
the hypothesis that the technology gap, thus the difference between the technol-
ogy of the receiving firm vis-à-vis the more technologically advanced ‘giving’ firm,
is what actually matters (Findlay, 1978, Wang and Blomström, 1992). Several
empirical studies of spillovers via FDI have explored the hypotheses that the inci-
dence of spillovers may be conditional upon absorptive capacity and the distance
to the technology frontier. In a study using data from over 90,000 firms in 10
transition countries, Damijan et al. (2013) find that FDI spillover effects depend
on the absorptive capacity and productivity level of the domestic firms: while
medium and high productivity firms benefit from positive FDI spillovers, the
lesser productive firms are more likely to experience negative spillovers. Kokko
et al. (1996) find FDI spillovers to Uruguayan manufacturing plants only when
the technology gap is moderate, while Griffith et al. (2002) find that firms further
away from the technology frontier experience higher catch-up rates, thus contra-
dicting the hypothesis that sufficient absorptive capacity is necessary for learning
from foreign technology. Using a panel of Indonesian manufacturers from 1988-
1996, Blalock and Gertler (2009) find that only domestic firms with sufficient
absorptive capacity can benefit from FDI spillovers when the technology gap is
large.

3.2.4 TFP and trade liberalization in developing coun-
tries

A substantial body of literature has shown that a decrease in import tariffs can
affect the TFP of firms in developing countries through similar channels as some
of the spillovers highlighted above. A decrease in the tariffs on the goods pro-
duced by a firm, called the output tariff, raises the competitive pressure from
abroad - which can affect TFP either way (e.g. lower scale or higher incentives
to innovate) - and may induce learning. A decrease in tariffs on a firm’s in-
puts, called the input tariff, can affect TFP directly or through the incentives
to innovate by decreasing the price and raising the quality and choice of inputs
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available (e.g. Corden (1971)). Recent evidence shows that both decreasing input
and decreasing output tariffs raises TFP, but that the effect of decreasing input
tariffs is much more substantial (e.g. Amiti and Konings (2007) on Indonesia
and Topalova and Khandelwal (2011) on India, among many others). Goldberg
et al. (2010) show that the availability of a larger set of imported inputs made
Indian firms expand the set of goods that they produce, a channel which is likely
to raise measured TFP.

3.3 Model and empirical strategy

3.3.1 Regression model: spatial autoregressive model
To capture potential TFP spillovers, we estimate the following spatial lag model
5:

TFPi,t = ρΩ∑
j

(wΩ
ij,t ∗ TFPj,t) +Xi,tβ + αi + λt + εi,t, (3.3)

where TFPi,t is Total Factor Productivity of firm i in year t. TFP spillovers
are captured by the spatial lag term ∑

j(wΩ
ij,t ∗ TFPj,t). In Section 3.3.2 we

will define the spatial weights wΩ
ij,t so that the spatial lag term is the simple

or weighted average of the TFP of firms j 6= i that are, in some dimension
Ω, close to firm i6. Firm i and j are then said to be neighbors. The spatial
autoregressive parameter ρΩ captures the average strength of TFP spillovers
across firms through that particular channel. Xi,t is a vector of exogenous control
variables, αi and λt capture the firm fixed and year fixed effects respectively, and
εi,t is a random error term.

3.3.2 Spatial weights
Because the exact spatial dimensions through which spillovers may occur is un-
known, we define two spatial dimensions so that we can test the three channels
explained in Section 3.2.2. To test channels one and three, we take geographic
space as the relevant dimension. We define three categories of geographically

5See (Anselin, 1988, Franzese and Hays, 2007) for a detailed discussion of spatial econometric
models.

6As detailed in Section 3.4, we only have data for manufacturing firms, so whenever we
refer to spillovers, we refer to spillovers from and to manufacturing firms. Our data does not
allow us to examine spillovers from and to non-manufacturing industries.
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neighboring firms: firm j is considered a neighbor of i if (1) it is located within a
50 km radius of firm i, or (2) it is located within a 100 km radius of firm i, or (3)
it is located within the same state. To test channel two, we define economic space
based on the industry-level intermediate input shares and we consider firm j to
be a neighbor if it is an input supplier for firm i. While the exact computation
of the weights depends on the dimension we consider, we always set wΩ

ij,t = 0
if firms are not neighbors and set wΩ

ii,t = 0. We set wΩ
ij,t = 0 if firm i and j

belong to the same industry for three reasons. First, while other firms in the
same industry could be a source of knowledge spillovers, they are also the main
competitors. An increase in a competitor’s productivity may thus affect a firm
in many other ways than through knowledge spillovers. Second, while knowl-
edge may spill over between firms in the same industry (Marshall, 1980), Jacobs
(1969) argues the opposite, namely that the more relevant knowledge transfers
arise from outside the firm’s own industry. Glaeser et al. (1992) are among the
first to test for these different types of spillovers and finds, using data from 1956
and 1987 at the city-industry level in the US, empirical evidence suggesting that
spillovers between industries are more important for growth than intra-industry
knowledge spillovers7. Third, as will become clear from the information provided
below, we use industry-specific tariff changes as an instrument for the average
productivity of the firm’s neighbors. Since a firm is subject to the same tariff
changes as its neighbors in the same industry, using firms in the same industry in
the construction of the instrument would likely violate the exclusion restriction.
In all cases, the spatial weights are row standardized, meaning that ∑j w

Ω
ij,t = 1.

Row-standardization is a common feature in many spatial econometric models
because it addresses potential problems of non-stationarity across space. More-
over, it implies that the spatial lags can be viewed as the average of neighboring
firms’ TFP. Because this also implies that the number of neighbors is irrelevant,
we also test separately whether the number of neighbors affects the size of the
spillover effect. Although our data on location and input-output relations do not
vary over time, the weights have a temporal dimension because of firm entry into
and exit from the database. For example, in a given year a firm may have nine
neighbors which each receive spatial weight 1

9 . If in the next year a new neighbor
enters the database, all ten neighbors obtain weight 1

10 .

7Since then, the empirical literature has found mixed results for Marshallian spillovers and
generally positive results for Jacobian spillovers (see Beaudry and Schiffauerova (2009) for an
overview).
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Channel 1: geographical distance

To test for TFP spillovers from geographically neighboring firms, we define the
following spatial weights:

wGxij,t = δij,t∑
j δij,t

.

While there appears consensus in both theoretical and empirical literature
that knowledge spillovers are more likely or stronger when distance is smaller,
the most relevant geographic area in which these spillovers take place unclear.
Anselin et al. (1997) find a positive effect of university research on innovative
activity among high technology firms in the USA within a range of 50 miles
(approximately 80 km). Varga (2000) finds knowledge spillovers between neigh-
boring metropolitan areas up to 75 miles (120km), and Bottazzi and Peri (2003)
find that the R&D spending in a given region affects the number of patents in a
nearby region only if the distance between the regions is less than 300km. Some
studies have found spillovers that decrease in strength when distance increases.
For example, Funke and Niebuhr (2000) find that knowledge spills over between
regions, but that for every 25-30 km additional distance between two regions, the
positive spillover effect of knowledge on innovative activities decreases by 50%.

Given that the exact range for potential spillovers in unknown, and allowing
for the possibility that spillovers are larger when distance is smaller, we define
three geographically-based spatial weights, namely G50 (δij,t = 1 if distanceij,t ≤
50km), G100 (δij,t = 1 if distanceij,t ≤ 100km) and Gstate (δij,t = 1 if firm i

and firm j are located in the same state). In all cases, δij,t = 0 otherwise or
if TFPj,t is missing. The geographic spatial lag, ∑j(wGxij,t ∗ TFPj,t), is thus the
simple average of the TFP of firms located within a 50 km radius, within a 100
km radius or in the same state.

Channel 2: intermediate inputs

To test for spillovers through intermediate inputs, we construct spatial weights
based on input-output linkages between industries. As firm-level input-output
linkages are not available, we use the national Input-Output (IO) Table as a
proxy. We consider linkages from upstream (input-supplying) industries to down-
stream (input-buying) industries. In the literature this is sometimes referred to
as ‘upstream spillovers’8. IO Table entry αkh gives the value of inputs supplied by
industry h as a share of total value of output of industry k. We divide αkh by the

8We focus our empirical analysis on upstream spillovers, rather than downstream spillovers,
as previous findings suggest that upstream spillovers are more likely.
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number of firms in upstream (input supplying) industry h to proxy for the value
of inputs supplied by a single firm j 6= i that belongs to industry h, as a share of
total value of output of firm i (in industry k): αij,t = αkh

Nh,t
. The identifying as-

sumption here is that if TFP spillovers matter though intermediate inputs, they
matter in sectors technologically linked through greater input-output linkages.
The spatial weights are defined as:

wIOij,t = αij,t∑
j αij,t

.

The IO-spatial lag, ∑j(wIOij,t ∗ TFPj,t), is thus the weighted average of input
supplying firms’ TFP, where the weight is larger for upstream firms in an industry
that supplies relatively more inputs. The practice of row-standardization has
the theoretical implication that the total share of manufacturing inputs in total
production of firm i does not matter for the size of the spillover. Because we
expect more TFP spillovers to firms that use relatively more inputs, we estimate
equation (3.3) with wIOij,t for subsamples of firms with a below median share of
manufacturing inputs in total output and firms with an above median share of
manufacturing inputs9.

Channel 3: labor mobility

We test for labor mobility spillovers by using state-level variation in labor mo-
bility induced by state-level labor regulation. We estimate (3.3) with geographic
and IO spatial lags on a subsample of states with flexible labor laws (pro-employer
as defined by Besley and Burgess (2004)) and on a sub sample of states with in-
flexible labor laws (pro-worker or neutral). Some variations of this classification
have been used in previous research to identify the role of labor mobility for the
effect of trade liberalization on poverty (Topalova (2010)) and labor demand elas-
ticities (Hasan et al. (2007)), or for the effect of rainfall shocks on employment
(Adhvaryu et al. (2013)). We follow this strategy and split our sample between
firms located in a state with “flexible” or “inflexible” labor laws, interpreting a
difference in the marginal effect of spatial lags as suggestive evidence for the role
of labor mobility in knowledge transmission. While this strategy is commonly
used to identify effects of labor mobility, unobserved state characteristics may

9Similarly, row standardization in the geographical spatial weights implies that the geo-
graphical spillover strength does not depend on the number of neighbors. As a robustness
check, reported in Section 3.6, we also estimated the geographical spatial regressions on sub-
samples of firms with few and many neighbors, respectively.
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be correlated with labor regulation, making a strict identification of the role of
labor mobility difficult. Moreover, as pointed out by Adhvaryu et al. (2013) and
Colmer (2016), the labor regulation coded by Besley and Burgess (2004) applies
to firms above a certain size threshold in terms of number of employees. While
we do not have data on firm-level employment, we also refine our measure of
whether a firm likely falls under the industrial labor regulation10 using data on
its total wage bill, and divide the employment of a firm by the average manufac-
turing wage in India11. While only a crude proxy for the actual firm size, this
exercise provides additional insights on the role of labor mobility.

3.3.3 Using instrumental variables
To identify how trade-induced TFP changes spread to other firms, we instru-
ment the spatial lag of TFP, ∑j(wΩ

ij,t ∗ TFPj,t), by two spatial lags of import
tariffs: ∑j(wΩ

ij,t ∗ outputtariffj,t−1) and ∑j(wΩ
ij,t ∗ inputtariffj,t−1). As detailed

in Appendix 3.A.1, the variable outputtariffj,t−1 corresponds to the industry-
level import tariffs for goods produced by firm j (in industry k). The variable
inputtariffj,t−1 corresponds to the weighted average tariff for goods s, where the
weights correspond to the importance of product s in the value of industry k.
As explained in Section 3.2.4, product tariffs can affect firm productivity in a
number of ways. For the Indian case, Topalova and Khandelwal (2011) establish
a causal link between changes in tariffs - both output and input tariffs - and firm
TFP. We lag the tariffs with one time period following their results, and control
for output tariffi,t−1 and input tariffi,t−1 in the first stage to avoid a possible
omitted variable bias due to spatial correlation in tariffs12. Topalova and Khan-
delwal (2011) find evidence that, for the period of 1989-1996, tariff reductions
in India were externally imposed and industry performance was not a significant
predictor of tariff reductions. Therefore, we restrict our analysis to the period of
1989-1996, in which tariffs reductions are exogenously determined. Instrument-
ing the spatial lag of TFP by the spatial lag of tariffs isolates the trade-induced

10This feature of the policy, however, means that, through their size decision, firms can have
some effect on whether they fall under these regulations.

11We use an annual wage of 37,000 India Rupee in 1994 as reported by the International
Labor Organization.

12Since tariff changes are at the industry level, different firms within the same industry are
by construction subject to the same change in tariff. Our instruments for the average TFP
of firm j’s neighbors are based on average tariffs for those neighbors. Including neighbors in
the same industry as j in this computation would mean that we use the tariffs for firm j in
the computation of the instrument, which would likely violate the exclusion restriction. We
therefore set wΩ

ij,t = 0 if firms i and j belong to the same industry.
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part of TFP increases and allows us to cleanly identify how such TFP increases
spill over to other firms.

A second key reason to instrument for the spatial lag in equation (3.3) is its
endogeneity. If we expect TFP to spill over from firm j to firm i when they
are located next to each other, it must be that firm i’s TFP also spills over to
firm j. This inter-firm TFP simultaneity may also arise in the context of TFP
spillovers through intermediate inputs, as it is often the case that downstream
industries not only buy from upstream industries, but also produce inputs used
by these upstream industries. Omitted variables may also be a concern. If the
error term in equation (3.3) includes omitted variables that are (i) themselves
spatially correlated and (ii) correlated with the spatial lags, then our estimates
of the spillover strength are, again, inconsistent. Such omitted factors would lead
us to conclude that there is spatial interdependence in TFP, whereas in fact there
is just spatial correlation in the error terms (caused, for example, by common
shocks to a region or supply-chain). Finally, measurement error in TFP, and thus
in the spatial lag, may bias the estimation. In sum, given ρ 6= 0, and the potential
for omitted variable bias and measurement error, the spatial lag in Equation (3.3)
is correlated with the error term and can therefore not be consistently estimated
using the fixed effects estimator13. Using tariffs as instruments allows us to
address these common problems in equations with spatial lags. If tariff changes
affect firm-level TFP through representative channels, instrumenting the spatial
lag of TFP through tariffs also provides a consistent estimate of the general
strength of spillovers across Indian firms.

3.3.4 Measuring TFP
The literature on measuring firm-level TFP is extensive and points to a number
of issues (see e.g. Beveren (2012) for a survey). An accurate measurement of
TFP requires a consistent estimation of the coefficients of the production function
(the coefficients αfs in Eq. (3.1)). Assuming three factors of production: labor
(l), capital (k) and material inputs (m), denoting yit = Log(Yit), ait = Log(Ait)

13Given the endogeneity of the spatial lag, two methods can be used for consistent esti-
mation. These are Maximum Likelihood Estimation (MLE) and Instrumental Variables Esti-
mation (IVE). While efficient, MLE is computationally very complex when dealing with non-
symmetric weights and large sample size. Kelejian and Prucha (1998) propose a consistent and
computationally simple estimator called the ‘Generalized Spatial Two-Stage Least Squares’
(S-2SLS) estimator. Based on this method, we use spatially lagged exogenous variables as
instruments for the endogenous spatial lag.
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and fit ≡ Log(Ift) for f ∈ {m, l, k} yields, if we have a proper price deflator for
all quantities:

yit = αmmit + αkkit + αllit + ait. (3.4)

The main conceptual issue with production function estimation is the simul-
taneity bias. When deciding the quantities of “flexible” factors to use (those
factors that can be adapted quickly, e.g. labor or material inputs), firms may
observe shocks to their productivity that an econometrician does not observe.
If productivity shocks affect both production and factor choices, they give rise
to an inconsistent estimation of the parameters of the production function. A
particularly popular solution to that problem (Levinsohn and Petrin, 2003) as-
sumes that the use of material inputs by the firm is a monotonic function of
its capital and of its productivity shock. The firm-level productivity shock can
thus be proxied by a non-parametric function of material inputs and capital.
Regressing output on labor and this non-parametric function gives a consistent
estimate of the labor coefficient. Further assuming that productivity shocks fol-
low a Markov process and instrumenting material inputs by GMM allows for
a consistent estimation of the other parameters. The key advantage of their
method is to control for unobservable productivity shock using data on material
inputs, which is typically positive and widely available in firm-level data14. Re-
cent studies, however, have addressed important criticisms to the Levinsohn and
Petrin (2003) method. Ackerberg et al. (2015) point out that, if labor is a flexible
factor, it is a function of capital and productivity. It can thus be rewritten as a
non-parametric function of capital and material inputs and is therefore not iden-
tifiable by Levinsohn and Petrin (2003)’s method. More generally, Ghandi et al.
(2016) show that proxy variable methods cannot identify non-parametric pro-
duction function (i.e. of the form yit = f(mit, kit, lit)), and as such these cannot
identify the elasticity of production with respect to flexible inputs. While proxy
variable methods only assume monotonicity between the productivity shock and
the proxy variable (e.g. material input in Levinsohn and Petrin (2003)), Ghandi
et al. (2016) fully exploits the first order condition of the firm in its choice of
flexible inputs, thereby allowing for consistent identification of the production
function in a non-parametric way.

In spite of criticisms of the method of Levinsohn and Petrin (2003), we use it
as our benchmark method of estimating TFP since it has been extensively used

14Levinsohn and Petrin (2003) follow the logic of Olley and Pakes (1996) but use material
inputs rather than investment to proxy for productivity shocks. Since investment is zero
for many firms, the monotonicity requirement of Olley and Pakes (1996) is often violated in
empirical data.
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in relevant literature. It also allows us to compare our estimates with previous
related work (e.g. Topalova and Khandelwal (2011)). We present a number
of robustness checks using alternative productivity measures, and notably the
method of Ghandi et al. (2016) with which we compute TFP based on a fully
non-parametric production function. More details on the different TFP measures
can be found in Appendix 3.A.3.

3.4 Data and descriptive statistics
The firm-level data for this chapter comes from the Prowess database, provided
by the Centre for Monitoring the Indian Economy. Prowess contains time-series
financial data on a large number of Indian publicly listed and unlisted companies
from 1989/90 and is updated regularly. Because the information in Prowess is
derived from publicly available documents, the database is neither a census nor a
random sample, but its coverage is comprehensive. For example, total production
of all companies in Prowess is more than 80 percent of India’s GDP. Our sample
contains information on 4000 individual manufacturing companies in 116 indus-
tries (four-digit NIC 2008 revision)15. The tariff data, constructed at the four-
digit NIC 2008 level, is obtained from Topalova and Khandelwal (2011)16. Fur-
thermore, we use the Indian Input-Output Transactions Table from 1993-1994,
and state-level labor regulation data from Besley and Burgess (2004). Besley and
Burgess (2004) classify state labor-law as pro-worker, neutral or pro-employer,
based on state amendments to the Industrial Disputes Act 1947. Similarly to
Topalova (2010), we generate an indicator for flexible labor laws that equals one
if the state has pro-employer labor regulation as of 1991.

Firm-level TFP is estimated using the following firm-level variables from the
Prowess database: output (sales plus change in inventory), capital (gross fixed
assets), labor (compensation to employees), power and fuel expenses, and raw
material expenses. The data is deflated using the two-digit industry-level Whole-
sale Prices Index. Using data from 1988-2002, we estimate the coefficients of the
production function using the Levinsohn and Petrin (2003) method and calcu-
late TFP as a residual. We then subtract the average industry’s productivity in
1997 from the estimated firm-level TFP to make the firm-level TFP measures
comparable across industries. In the remainder of this text, “TFP” refers to
this normalized TFP. More details on the data and variable construction can be

15Figure 3.A.3 in the Appendix shows the distribution of firms per industry across India.
16We are grateful to Petia Topalova and Amit Khandelwal for their generosity in sharing

their data and to Petia Topalova for providing a detailed explanation of the data.



86 Total Factor Productivity Spillovers

found in Appendix 3.A.1.

Following the discussion in Section 3.3.3 on the exogeneity of the tariff reduc-
tion in India between 1989-1996, we restrict the sample to the period 1989-1996.
Table 3.4.1 reports summary statistics for the variables used in the estimations.
Tables 3.4.2 and 3.4.3 report the cross-correlations for the spatial variables for
the 50 km and IO weights, respectively. Appendix 3.A.2 contains additional fig-
ures which illustrate the geographical distribution and density of the firms in our
sample across India, as well as more correlation tables.

Table 3.4.1: Summary statistics

Variable Mean Std. Dev. Min. Max N
TFP -0.01 0.68 -6.53 8.75 17103
Spatial Lag (IO) -0.03 0.11 -0.64 0.38 17103
Spatial Lag (50km) -0.01 0.21 -1.88 6.5 17103
Spatial Lag (100km) -0.01 0.19 -1.88 6.5 17103
Spatial Lag (state) -0.01 0.12 -0.54 2.47 17103
Output tarifft−1 0.74 0.29 0.1 3.26 18272
Input tarifft−1 0.31 0.1 0.02 0.64 18385
Neighbors (50km) 155.24 162.61 0 601 17103
Neighbors (100km) 181.94 168.03 0 686.33 17103
Neighbors (state) 285.51 226.58 0 835 17103
Flexible labor laws 0.32 0.47 0 1 16544

Table 3.4.2: Cross-correlations: 50km weights

Variables (1) (2) (3) (4) (5) (6)
(1) TFP 1.00
(2) Output tarifft−1 -0.01 1.00
(3) Input tarifft−1 -0.09 0.51 1.00
(4) Spatial lag (50km) 0.05 -0.08 -0.13 1.00
(5) Instrument output tariff (50km) -0.03 0.40 0.55 -0.12 1.00
(6) Instrument input tariff (50km) -0.04 0.46 0.57 -0.16 0.92 1.00

As evident from Table 3.4.1, the geographic spatial lags sometimes take on
extreme values17. Figure 3.A.5 in the Appendix shows that this is mostly due
to the fact that these are based only on a handful of neighboring firms. For this
reason, we exclude the top and bottom percentile of the spatial lag in our analysis
and, in Section 3.5.7, show that this restriction does not affect our results.

17For example, the maximum value of the spatial lag at 50 km distance is more than 30
standard deviations larger than the mean.
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Table 3.4.3: Cross-correlations: IO weights

Variables (1) (2) (3) (4) (5) (6)
(1) TFP 1.00
(2) Output tarifft−1 -0.01 1.00
(3) Input tarifft−1 -0.09 0.51 1.00
(4) Spatial lag (IO) 0.08 -0.26 -0.34 1.00
(5) Instrument output tariff(IO) -0.06 0.50 0.79 -0.39 1.00
(6) Instrument input tariff (IO) -0.06 0.50 0.79 -0.39 0.90 1.00

3.5 Results

3.5.1 Channel 1: Geographic distance
As emphasized in Section 3.2, spillovers are likely to be geographically localized
for different reasons. Observations of innovations and of best practices are more
likely to occur at short distance as neighboring firms may share more informal
contacts through their owners or employees.

Table 3.5.1 reports the results of estimating equation (3.3) with the spatial
weights wGx as defined in Section 3.3.2. The first column of Table 3.5.1 reports
the estimation of equation (3.3), where we define neighboring firms as all the
firms located less than 50 km of one another, but exclude those in the same
industry. The coefficient on the spatial lag is close to zero and insignificant,
while the input tariff of the firm has a negative and significant coefficient, and is
comparable to the one obtained by Topalova and Khandelwal (2011). Topalova
and Khandelwal (2011), on the other hand, estimate a small but significant
negative coefficient on output tariff, while ours is positive and insignificant18.
Although our data set is very close to the one used in Topalova and Khandelwal
(2011), the coefficients differ slightly due to the update of the Prowess data
set, which has led to some corrections of past data and the addition of new
firms to the sample. Our finding of an insignificant coefficient on output tariff
is not surprising from a theoretical perspective: higher tariffs may shield local
producers from international competition, but the link between competition and
TFP is ambiguous (e.g. Aghion et al. (2005)). Columns (2) and (3) of Table 3.5.1
replicate the same analysis defining firms within a radius of 100 km or firms in
the same state as those potentially affected by geographically limited spillovers.

18If we use the exact same regression as Topalova and Khandelwal (2011), i.e. without spatial
lag, our coefficient on output tariff is 0.056, just significant at the 10% while Topalova and
Khandelwal (2011) find a coefficient of -0.032, significant at the 10% level.
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The spatial lag appears weak and insignificant in all cases.

Columns (4) to (6) show the instrumental variable (IV) estimates correspond-
ing to the FE regressions of columns (1) to (3). The coefficients on the input and
output tariffs in the second stage are very close to those obtained by OLS while
none of the geographic spatial lags appears significant. Our instruments appear
strong in all cases, with first stage F−stats of excluded instruments between 17.4
and 27.7. The results of the first stage regression suggest that the spatial lag of
input tariffs is a significant determinant of the spatial lag of TFP. The coefficient
on the spatial lag of input tariffs is similar to the coefficient on the firm-level
input tariff of the second stage regression and very significant. The spatial lag
of the output tariff appears positive and significant only for distances below 50
km19, while it is insignificant otherwise. The Hansen test does not point to any
particular problem with the exogeneity of the instruments.

19This can be reconciled with an insignificant output tariff in the second stage if, for example,
the effect of the output tariff is heterogeneous across firms and if those firms for which the
effect of output tariffs is smallest are located in more central areas (i.e. enter the spatial lag
of many other firms).
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Table 3.5.1: Estimation results - TFP spillovers through observation
of neighboring firms

OLS IV

(1) (2) (3) (4) (5) (6)
Panel A: Second stage
Spatial lag ≤50kmt (A) -0.0060 -0.079

(0.038) (0.17)
Spatial lag ≤100kmt (B) 0.014 -0.049

(0.045) (0.22)
Spatial lag same statet (C) 0.067 -0.35

(0.062) (0.39)
Output tarifft−1 0.056 0.057 0.060 0.055 0.056 0.056

(0.042) (0.042) (0.041) (0.042) (0.042) (0.040)
Input tarifft−1 -0.40∗∗ -0.42∗∗ -0.42∗∗ -0.40∗∗ -0.42∗∗ -0.42∗∗

(0.19) (0.19) (0.18) (0.19) (0.19) (0.18)
Panel B: First stage
Output tarifft−1 -0.0086 -0.018∗∗ -0.0095

(0.0094) (0.0085) (0.0062)
Input tarifft−1 -0.031 0.0067 -0.0055

(0.032) (0.031) (0.022)
Instr output tarifft−1 for (A) 0.10∗∗∗

(0.031)
Instrument input tarifft−1 for (A) -0.56∗∗∗

(0.085)
Instrument output tarifft−1 for (B) 0.044

(0.039)
Instrument input tarifft−1 for (B) -0.55∗∗∗

(0.095)
Instrument output tarifft−1 for (C) 0.062

(0.052)
Instrument input tarifft−1 for (C) -0.50∗∗∗

(0.13)
Observations 16129 16111 16121 16129 16111 16121
Hansen test p-value 0.60 0.31 0.81
F−stat 27.7 24.8 17.4
The table reports regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring
firms. “Spatial lag 50km” is the simple average of TFP of other firms located within a 50 km radius; “Spatial
lag 100km” is the simple average of other firms’ TFP located within a 100km radius; and “Spatial lag same
state” is the simple average of TFP of other firms’ TFP in the same state. Output tariff is the tariff on the
firm’s output product, input tariff is the weighted average of the tariff on the firm’s inputs (where weights
are given by the input-output share). All regressions include firm fixed effects year dummies. OLS estimates
are reported in columns 1 to 3 and instrumental variable estimates in columns 4 to 6. Bottom and top one
percentile of spatial lag is excluded from the sample. The reported F−stat corresponds to the first stage F
test of excluded instruments. Robust standard errors (clustered by firm and industry-year) are reported in
parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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3.5.2 Channel 2: Intermediate inputs
Table 3.5.2 shows the estimation of equation (3.3) with the spatial weights wIO

as defined in Section 3.3.2 used to capture potential spillovers arising through
input-output relationships. Columns 1 and 4 report the results for the whole
sample with an OLS and an IV estimation, respectively. In contrast to Paz
(2014), we find in both cases no evidence of TFP spillovers arising from input-
output relationships. The first stage regressions shows that the instruments are
strong, with an F−stat of 23. Columns (2) and (3) split the sample between
firms for which manufactured inputs account for a small or large part of the value
of output (see the appendix 3.A.1 for a precise definition). The coefficient on the
spatial lag is positive and significant with an OLS estimation on the sample of
high input users. In the IV estimation, however, it becomes very close to zero
and insignificant. Unsurprisingly, the coefficient on the own input tariff is much
more negative and significant in the sample of firms which use inputs intensively,
while it is insignificant among firms which spend relatively little on inputs.

3.5.3 Channel 3: Labor mobility
Table 3.5.3 splits the results of some of our core specifications (column 4 and 6
of Table 3.5.1 and column 4 of Table 3.5.2) between firms located in a state with
flexible or inflexible labor laws as defined by Besley and Burgess (2004). Columns
1 to 6 of Table 3.5.3 do not show much evidence of a differential effect of the
spatial lag of productivity on firms in flexible or inflexible states. The effect of
the spatial lag only appears weakly significant when defined at the level of the
state for firms in states with flexible labor law. For that particular subsample,
however, the point estimate of the coefficient is much larger than 1, which is at
odds with the logic of spatial lags as it would give rise to an explosive process
in which neighbors would benefit so much from each others’ TFP improvements
that these would become infinite. The standard error, however, appears very
large in this case and the coefficient estimates of the first stage are very different
from our findings in other specifications, making us cautious about the results
of column 2.
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Table 3.5.2: Estimation results - TFP spillovers through intermediate
inputs

OLS IV

(1) (2) (3) (4) (5) (6)
All Low input- High input- All Low input- High input
firms using firms using firms firms using firms using firms

Panel A: Second stage
Spatial lag inputt 0.12 -0.085 0.22∗∗∗ -0.19 0.12 -0.031

(0.079) (0.24) (0.076) (0.21) (0.47) (0.15)
Output tarifft−1 0.051 0.15∗ 0.051 0.051 0.15∗ 0.051

(0.041) (0.080) (0.036) (0.041) (0.080) (0.037)
Input tarifft−1 -0.42∗∗ -0.037 -0.82∗∗∗ -0.37∗ -0.061 -0.77∗∗∗

(0.18) (0.29) (0.18) (0.19) (0.29) (0.17)
Panel B: First stage
Output tarifft−1 0.021 -0.00053 0.039∗

(0.018) (0.023) (0.022)
Input tarifft−1 -0.086 0.037 -0.26

(0.079) (0.066) (0.18)
Instr. output tarifft−1 0.81∗∗∗ 0.65∗∗∗ 0.96∗∗∗

for spatial lag inputt (0.15) (0.089) (0.22)
Instr. input tarifft−1 -2.05∗∗∗ -1.27∗∗∗ -2.41∗∗∗

for spatial lag inputt (0.57) (0.29) (0.64)

Observations 16108 4242 11866 16108 4242 11866
Hansen test p-value 0.84 0.39 0.17
F−stat 23.3 27.5 10.3
The table reports regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring firms.
“Spatial lag input” is the weighted average of TFP of input-supplying firms, where the weights are given by
the share of inputs (from the IO matrix). All regressions include firm fixed effects and year dummies. OLS
estimates are reported in columns 1 to 3 and instrumental variable estimates in columns 4 and 6. Columns
1 and 3 report the results when using the full sample, columns 2 and 5 (3 and 6) report the results when
estimation is done on a subsample of firms with below (above) median share of manufacturing inputs in total
output. Bottom and top one percentile of spatial lag is excluded from the sample. The reported F−stat
corresponds to the first stage F test of excluded instruments. Robust standard errors (clustered by firm and
industry-year) are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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As mentioned in Section 3.3.2, smaller firms are not subject to the labor
market regulation discussed in Besley and Burgess (2004). In columns 7 and 8
of Table 3.5.3, we test whether the effect of the spatial lag is different for large
firms in inflexible states on the one hand (column 7), and small firms (in all
states) and large firms in flexible states on the other hand (column 8). We find
no difference between the two sets of firms. Other unreported tests show that
using the classification of flexible and inflexible states by Hasan et al. (2007) does
not change the results20.

Finally, it is worth noting that the input tariff only has a negative and signif-
icant second stage coefficient in the sample of states with high labor flexibility.
This may indicate that these states not only differ in terms of their labor laws,
but potentially also in terms of other characteristics which make their firms more
reactive to a change in input tariffs21.

20 We also experimented with other measures that we constructed based on our data. For
example, we used the average within-firm correlation of total revenues and the wage bill as a
proxy for labor flexibility in a state-industry pair as a measure of labor flexibility. Splitting
the sample between the industry pairs with a high and with a low flexibility does not change
the results.

21We also test whether these states are closer to the sea and therefore more prone to being
affected by changes in tariffs. Figure 3.A.1 shows that states with more flexible labor laws
are not particularly situated near the coast. Unreported regressions also suggest that the
correlation between input tariffs and TFP is if anything less strong in coastal states.
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Table 3.5.3: Estimation results - TFP spillovers through labor mobility

Flexibility measure State State & size

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

Panel A: Second stage
Spatial lag same statet (A) -0.86 1.88∗

(0.90) (1.04)
Spatial lag ≤ 50kmt (B) 0.085 -0.24 -0.08 -0.077

(0.21) (0.31) (0.19) (0.35)
Spatial lag inputst (C) -0.025 -0.20

(0.13) (0.25)
Output tarifft−1 0.042 0.083 0.041 0.092 0.044 0.070 0.033 0.088

(0.044) (0.080) (0.044) (0.088) (0.044) (0.080) (0.043) (0.079)
Input tarifft−1 -0.23 -0.83∗∗∗ -0.22 -0.65∗∗ -0.22 -0.55∗ -0.14 -0.65∗∗

(0.21) (0.30) (0.21) (0.30) (0.21) (0.28) (0.22) (0.26)
Panel B: First stage
Output tarifft−1 -0.011∗∗ 0.004 -0.001 -0.006 0.033 0.018 -0.001 -0.007

(0.0056) (0.011) (0.011) (0.020) (0.021) (0.021) (0.012) (0.017)
Input tarifft−1 -0.005 0.11∗∗∗ -0.042 0.034 -0.14∗ -0.13 -0.009 -0.040

(0.020) (0.035) (0.036) (0.056) (0.071) (0.096) (0.039) (0.047)
Instr. output tarifft−1 -0.015 0.16
for (A) (0.071) (0.10)
Instr. input tarifft−1 -0.67∗∗∗ 0.66∗∗

for (A) (0.18) (0.28)
Instr. output tarifft−1 0.16∗∗∗ 0.066 0.17∗∗∗ 0.064
for (B) (0.037) (0.054) (0.038) (0.049)
Instr. input tarifft−1 -0.73∗∗∗ -0.43∗∗∗ -0.79∗∗∗ -0.40∗∗∗

for (B) (0.10) (0.14) (0.10) (0.13)
Instr. output tarifft−1 1.11∗∗∗ 1.05∗∗∗

for (C) (0.21) (0.22)
Instr. input tarifft−1 -2.81∗∗∗ -2.26∗∗∗

for (C) (0.51) (0.48)
Observations 9959 4697 9855 4659 9982 4767 8255 6259
Hansen test p-value 0.51 0.26 0.32 0.98 0.66 0.23 0.55 0.67
F -stat 14.7 6.25 27.6 7.31 15.3 11.9 34.8 6.86
The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring firms. “Spatial
lag same state” is the simple average of other firms’ TFP located in the same state. “Spatial lag 50km (100km)” is the
simple average of TFP of other firms located within a 50 km (100 km) radius. “Spatial lag input” is the weighted average
of TFP of input-supplying firms, where the weights are given by the share of inputs (from the IO matrix). All regressions
include firm fixed effects and year dummies. Odd columns show the regressions on the subsample of states with pro-worker
or neutral (inflexible) labor laws, the even columns the subsample of states with pro-employer (flexible) labor law states
(based on Besley and Burgess (2004)), except in column 7 which includes large firms subject to inflexible labor laws and
column 8 which includes small firms and large firms subject to flexible labor laws. Bottom and top one percentile of spatial
lag is excluded from the sample. The reported F−stat corresponds to the first stage F test of excluded instruments. Robust
standard errors (clustered by firm and industry-year) are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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3.5.4 Absorptive capacity and the technology frontier
As explained in Section 3.2.3, there may be substantial heterogeneity in the
ability of firms to gain from TFP spillovers (absorptive capacity) as well as in
their capacity to act as a source of spillovers (firms that are close to the technology
frontier versus less advanced firms). To take this into account, we compute two
additional spatial lags: (1) the average TFP in year t of ‘nearby’ firms that had an
average (between 1989-1996) TFP below median; and (2) the average TFP in year
t of nearby firms that had an average (between 1989-1996) TFP above median.
We define ‘nearby’ both in the geographic and IO dimensions, and provide more
details on the construction in the appendix A3. The results, reported in columns
1-3 of Tables 3.5.4 and 3.5.5, show that spillovers from geographically neighboring
firms are positive and significant only when they come from highly productive
firms. The results are similar for the 100 km spatial lag (see Table 3.A.8 in the
Appendix). The results are in line with empirical evidence on FDI spillovers,
where in some studies spillovers are found to be only present or larger for firms
above a minimum capacity threshold (Girma (2005), Marcin (2008)). In addition
to taking the source of the spillover into account - low versus high productivity
firms - we also allow the receiving firm’s TFP to matter. Therefore, we split
the sample into below median TFP firms (columns 4-6) and above median TFP
firms (columns 7-9). From this, we conclude that only the more productive firms
are able to reap the benefits of productivity increases in neighboring productive
firms. We thus find no evidence in favor of a ‘catch up’ effect where the least
productive firms benefit from spillovers from more productive firms, and instead
find evidence in favor of an absorptive capacity requirement.
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Table 3.5.4: Estimation results - Absorptive capacity: observation 50
km

All firms Below median TFP Above median TFP

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Panel A: Second stage
Spatial lagHigh ≤ 50kmt (A) 0.30∗∗ 0.27∗ 0.047 -0.072 0.55∗∗ 0.58∗∗

(0.14) (0.16) (0.13) (0.15) (0.26) (0.28)
Spatial lagLow ≤ 50kmt (B) -0.19 -0.098 -0.42 -0.26 0.031 0.15

(0.30) (0.35) (0.44) (0.50) (0.43) (0.50)
Output tarifft−1 0.055 0.069∗ 0.074∗ 0.0020 -0.0027 -0.019 0.12 0.15∗∗ 0.17∗∗

(0.045) (0.041) (0.045) (0.046) (0.044) (0.046) (0.071) (0.062) (0.070)
Input tarifft−1 -0.41∗∗ -0.44∗∗ -0.44∗∗ -0.31 -0.33 -0.31 -0.54∗∗ -0.60∗∗∗ -0.60∗∗

(0.19) (0.18) (0.18) (0.23) (0.21) (0.21) (0.23) (0.23) (0.24)
Panel B: First stage Spatial lagHigh ≤ 50kmt

Output tarifft−1 -0.00041 0.0020 0.013 0.0055 -0.0082 0.0072
(0.015) (0.015) (0.019) (0.019) (0.020) (0.018)

Input tarifft−1 -0.043 0.019 -0.024 0.077 -0.069 -0.039
(0.045) (0.048) (0.064) (0.061) (0.052) (0.050)

Instr. output tarifft−1 for (A) 0.20*** 0.21*** 0.28*** 0.37*** 0.16*** 0.16***
(0.035) (0.042) (0.056) (0.056) (0.036) (0.040)

Instr. input tarifft−1 for (A) -0.24*** -0.23** -0.33** -0.50*** -0.26*** -0.19*
(0.085) (0.11) (0.14) (0.14) (0.095) (0.11)

Instr. output tarifft−1 for (B) -0.036 -0.047 -0.022
(0.044) (0.048) (0.064)

Instr. input tarifft−1 for (B) 0.36** 0.46** 0.30*
(0.14) (0.21) (0.18)

Panel C: First stage Spatial lagLow ≤ 50kmt

Output tarifft−1 -0.0014 0.00074 0.000057 0.0100 -0.0035 -0.0070
(0.0078) (0.0067) (0.012) (0.010) (0.0088) (0.0086)

Input tarifft−1 -0.0075 -0.0013 -0.0035 0.0025 -0.0095 -0.0041
(0.022) (0.023) (0.031) (0.030) (0.028) (0.030)

Instr. outp. tarifft−1 for (A) -0.0095 -0.0047 -0.010
(0.016) (0.029) (0.016)

Instr. inp. tarifft−1 for (A) 0.062 0.089 0.023
(0.048) (0.083) (0.056)

Instr. outp. tarifft−1 for (B) 0.11*** 0.12*** 0.095** 0.089** 0.12*** 0.15***
(0.027) (0.027) (0.039) (0.037) (0.037) (0.035)

Instr. inp. tarifft−1 for (B) -0.76*** -0.65*** -0.71*** -0.62*** -0.81*** -0.68***
(0.094) (0.094) (0.12) (0.13) (0.14) (0.13)

Observations 14738 14409 12848 7273 7032 6212 7465 7377 6636
Hansen test p-value 0.066 0.31 0.22 0.12 0.14 0.16 0.094 0.99 0.59
F −stat 30.6 35.3 13.4 32.1 17.8 7.89 11.1 18.2 6.12

The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring firms. “Spatial
lagHigh 50km” (“Spatial lagLow 50km”) is the simple average of TFP of other firms located within a 50 km radius that
have an average TFP above (below) median. Columns 1 to 3 report the results when using the full sample, columns 4 to
6 (7 to 9) report the results when estimation is done on a subsample of firms with below (above) median TFP (averaged
over 1989-1996). All regressions include firm fixed effects and year dummies. Bottom and top one percentile of spatial lag
is excluded from the sample. The reported F−stat corresponds to the first stage F test of excluded instruments. Robust
standard errors (clustered by firm and industry-year) are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table 3.5.5: Estimation results - Absorptive capacity: inputs

All firms Below median TFP Above median TFP

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Panel A: Second stage
Spatial lagHigh inputt (A) -0.026 0.83∗ 0.16 0.64 -0.064 1.03

(0.32) (0.51) (0.42) (0.49) (0.38) (0.67)
Spatial lagLow inputt (B) -0.026 -0.98 0.41 -0.48 -0.28 -1.37

(0.32) (0.62) (0.37) (0.59) (0.48) (0.97)
Output tarifft−1 0.020 0.039 0.037 -0.020 -0.018 -0.013 0.059 0.085 0.083

(0.044) (0.044) (0.050) (0.050) (0.049) (0.054) (0.066) (0.069) (0.073)
Input tarifft−1 -0.24 -0.29 -0.41∗ -0.20 -0.17 -0.30 -0.35 -0.42 -0.54∗

(0.21) (0.20) (0.23) (0.23) (0.23) (0.26) (0.26) (0.28) (0.30)
Panel B: First stage Spatial lagHigh ≤ inputt

Output tarifft−1 0.041* 0.041** 0.051** 0.057*** 0.027 0.024
(0.021) (0.019) (0.020) (0.018) (0.023) (0.023)

Input tarifft−1 -0.0056 -0.044 -0.040 -0.084 0.046 0.0056
(0.082) (0.082) (0.087) (0.090) (0.093) (0.085)

Instr. output tarifft−1 for (A) 0.54*** 0.46** 0.46*** 0.46** 0.60*** 0.44**
(0.10) (0.20) (0.11) (0.21) (0.10) (0.21)

Instr. input tarifft−1 for (A) -1.14*** -1.44*** -1.00*** -1.42*** -1.27*** -1.48***
(0.25) (0.30) (0.28) (0.34) (0.25) (0.29)

Instr. output tarifft−1 for (B) 0.084 0.018 0.15
(0.17) (0.18) (0.17)

Instr. input tarifft−1 for (B) 0.40* 0.43 0.40*
(0.24) (0.28) (0.24)

Panel C: First stage Spatial lagLow ≤ inputt

Output tarifft−1 0.047*** 0.041*** 0.056*** 0.052*** 0.037** 0.029*
(0.015) (0.014) (0.015) (0.015) (0.018) (0.015)

Input tarifft−1 -0.077 -0.090 -0.097 -0.14** -0.063 -0.045
(0.062) (0.057) (0.071) (0.067) (0.062) (0.053)

Instr. output tarifft−1 for (A) 0.032 0.079 -0.0094
(0.098) (0.11) (0.088)

Instr. input tarifft−1 for (A) 0.023 0.0076 -0.0033
(0.21) (0.26) (0.19)

Instr. output tarifft−1 for (B) 0.48*** 0.37*** 0.43*** 0.29*** 0.53*** 0.44***
(0.10) (0.095) (0.10) (0.11) (0.11) (0.080)

Instr. input tarifft−1 for (B) -0.85*** -0.77*** -0.76*** -0.67*** -0.93*** -0.82***
(0.28) (0.19) (0.28) (0.24) (0.29) (0.18)

Observations 14742 14517 13818 7351 7360 6987 7391 7157 6831
Hansen test p-value 0.80 0.70 0.45 0.70 0.58 0.32 0.97 0.25 0.64
F -stat 15.5 11.2 8.28 9.36 8.70 5.27 18.8 12.1 9.81

The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring firms. “Spatial
lagHigh input” (“Spatial lagLow input”) is the weighted average of TFP of input-supplying firms that have an average
TFP above (below) median, where the weights are given by the share of inputs (from the IO matrix). Columns 1 and
3 report the results when using the full sample, columns 2 and 5 (3 and 6) report the results when estimation is done
on a subsample of firms with below (above) median TFP (averaged over 1989-1996). All regressions include firm fixed
effects and year dummies. Bottom and top one percentile of spatial lag is excluded from the sample. The reported F−stat
corresponds to the first stage F test of excluded instruments. Robust standard errors (clustered by firm and industry-year)
are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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3.5.5 Combining channels
While the aforementioned analyses look at the intermediate input and at the ge-
ographic channels separately, here we investigate whether spillovers are stronger
from firms that are located in the vicinity and that potentially provide interme-
diate inputs. The rationale is that supplier-buyer relationships are more likely
to arise between firms that are close to one another. To perform this exercise,
we compute a new spatial weight:

wIO−Gij,t = αij,tδij,t∑
j′ αij′,tδij′,t

,

which interacts (i) a dummy that takes value one if firms i and j are located
close to each other (δij,t) with (ii) the coefficient of the IO matrix between the
respective industries of firms i and j (αij,t as defined in Section 3.3.1). The
spatial lag is thus the average TFP of those firms that potentially supply inputs
to firm i and are located within a certain distance of i. As in Table 3.5.1, we
report the results for firms located within 50 km, within 100 km and located or
in the same state. The results, reported in Table 3.5.6, show that combining
the IO and the geographic channels does affect the results and that the spatial
lags remain significant. Columns 4 and 5 of Table 3.5.6 further split the sample
between firms in states with pro-worker labor laws and those in states with pro-
business labor laws. The spatial lag based on firms in input-supplying industries
within 50 km remains insignificant in both cases.
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Table 3.5.6: Estimation results - Combining inputs and distance

Geographical distance 50km 100km Same State 50km

States All All All Inflexible Flexible
(1) (2) (3) (4) (5)

Panel A: Second stage
Spat. lag input & ≤50kmt (A) -0.023 0.089 -0.13

(0.17) (0.22) (0.35)
Spat. lag input & ≤100kmt (B) -0.036

(0.24)
Spat. lag input & same statet (C) -0.37

(0.47)
Output tarifft−1 0.055 0.055 0.054 0.041 0.091

(0.042) (0.041) (0.040) (0.044) (0.088)
Input tarifft−1 -0.41∗∗ -0.41∗∗ -0.40∗∗ -0.22 -0.66∗∗

(0.19) (0.19) (0.18) (0.21) (0.30)

Panel B: First stage
Output tarifft−1 -0.0073 -0.016∗ -0.0098 -0.0014 -0.0044

(0.0096) (0.0085) (0.0064) (0.012) (0.020)
Input tarifft−1 -0.019 0.018 0.0050 -0.018 0.033

(0.033) (0.032) (0.022) (0.038) (0.059)
Instr. output tarifft−1 for (A) 0.093∗∗∗ 0.15∗∗∗ 0.048

(0.029) (0.038) (0.042)
Instr. input tarifft−1 for (A) -0.54∗∗∗ -0.68∗∗∗ -0.39∗∗∗

(0.081) (0.10) (0.12)
Instr. output tarifft−1 for (B) 0.035

(0.039)
Instr. input tarifft−1 for (B) -0.53∗∗∗

(0.096)
Instr. output tarifft−1 for (C) 0.039

(0.053)
Instr. input tarifft−1 for (C) -0.40∗∗∗

(0.13)
N 16127 16121 16129 9857 4654
Hansen test p-value 0.48 0.23 0.91 0.26 0.93
F−stat 28.8 24.1 14.3 27.6 7.17
The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring
firms. “Spatial lag input 50km” is the weighted average of TFP of input-supplying firms located within a
50km radius, where the weights are given by the share of inputs (from the IO matrix). “Spatial lag input
100km” and “Spatial lag input state” are similarly defined for firms located within a 100 km radius or in
the same state. Columns 4 and 5 subsample on pro-worker and pro-employer states (see notes Table 3.5.3).
All regressions include firm fixed effects and year dummies. Bottom and top one percentile of spatial lag is
excluded from the sample. The reported F−stat corresponds to the first stage F test of excluded instruments.
Robust standard errors (clustered by firm and industry-year) are reported in parentheses. Significance: ∗10%,
∗∗5%, ∗∗∗1%.
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3.5.6 Decomposing the spatial lag
A potential concern with our analyses so far is that the sample of firms grows
quickly over time (see Figure 3.A.4). Since the Prowess data does not cover the
universe of Indian firms, the change in the composition of the sample may reflect
genuine entry and exit as well as an expansion of the sample coverage over time,
which may be non-random. We check whether the increase in sample coverage
drives our result, by decomposing the change in the spatial lag from period t− 1
to period t into two parts: (i) the change in the spatial lag due to the change in
TFP of firms already existing in period t− 1 and (ii) the change in the spatial
lag due to new firms (new in period t). We replicate our analysis using only the
variation of the spatial lag at t coming from the change in the TFP of neighboring
firms existing at t− 1. For this, we re-estimate equation (3.5) with a spatial lag
computed solely based on firms existing at t− 1, i.e. the spatial lag only takes
into account the TFP change of firms which were already in the sample at t− 1
and not the change in average TFP due to new entrants in the sample. Columns
1 to 3 of Table 3.5.7 show the results for the spatial lag based on distance (50
km), same state and intermediate inputs. None of the results are affected but the
instruments appear weaker in the first stage, resulting in an imprecise estimate
of the second stage.

3.5.7 Including top and bottom percentile of spatial lag
Columns 4 to 6 of Table 3.5.7 replicate some of our main results on all the
observations in our dataset, i.e. also using observations which we excluded in
the baseline regressions due to their very high or low value of the spatial lag
of TFP. None of the results of our three baseline channels are affected by the
inclusion of outliers in the estimation and the spatial lag of TFP remains in-
significant throughout. Unsurprisingly, the instruments appear less strong and
the first stage coefficients are less stable across specifications. Columns 1-3 in
Table 3.A.6 in the Appendix show that observation spillovers from relatively
productive to productive firms remain significant with a smaller coefficient when
including the top and bottom percentile of spatial lag. The results reported in
columns 4-6 show that including these top and bottom percentiles does not affect
the insignificance of the spatial lag based on firms in input-supplying industries
within 50km (as reported in Table 3.5.6).
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Table 3.5.7: Estimation results - existing firms and outliers

Only existing firms - FD No outliers - OLS with FE

(1) (2) (3) (4) (5) (6)
Panel A: Second stage
Spatial lag ≤ 50kmt (A) 0.68 0.67

(1.29) (0.46)
Spatial lag same statet (B) 0.023 0.44

(2.82) (1.46)
Spatial lag inputt (C) 0.70 0.84

(1.17) (0.76)
Output tarifft−1 0.065 0.071∗ 0.039 0.10∗ 0.12∗∗ 0.11∗∗

(0.042) (0.042) (0.058) (0.056) (0.055) (0.054)
Input tarifft−1 -0.35∗∗ -0.36∗∗ -0.32∗ -0.74∗∗∗ -0.77∗∗∗ -0.81∗∗∗

(0.16) (0.18) (0.18) (0.18) (0.21) (0.22)

Panel B: First stage
Output tarifft−1 0.0020 -0.0034 0.037∗∗ 0.030∗∗ 0.0060 0.031∗∗

(0.0064) (0.0043) (0.017) (0.013) (0.0076) (0.016)
Input tarifft−1 -0.0064 0.032 -0.076 -0.038 0.024 -0.00036

(0.028) (0.019) (0.065) (0.044) (0.028) (0.064)
Instr. output tarifft−1 for (A) 0.031 0.23∗∗∗

(0.021) (0.064)
Instr. input tarifft−1 for (A) -0.11∗∗ -0.68∗∗∗

(0.054) (0.16)
Instr. output tarifft−1 for (B) -0.015 0.18∗

(0.028) (0.100)
Instr. input tarifft−1 for (B) -0.024 -0.45∗∗

(0.081) (0.23)
Instr. output tarifft−1 for (C) 0.092 0.21∗∗

(0.060) (0.097)
Instr. input tarifft−1 for (C) -0.28∗∗∗ -0.78∗∗∗

(0.11) (0.23)
Observations 12172 12195 12048 16995 16995 16995
Hansen test p-value 0.89 0.50 0.18 0.21 0.20 0.56
F -stat 1.99 0.66 3.41 14.5 2.00 11.8
The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of
neighboring firms. “Spatial lag ≤ 50km” is the average TFP of other firms located within a 50km
radius. “Spatial lag same state” is the average TFP of other firms located within the same state.
“Spatial lag input” is the weighted average of TFP of input-supplying firms, where the weights are
given by the share of inputs (from the IO matrix). All regressions include year fixed effects. The
first three columns are estimated in first difference, with the spatial lag based on firms existing at
t− 1 only. Columns 4 to 6 show estimates in levels including firm fixed effects including outliers in
terms of spatial lags. The reported F−stat is the first stage F test of excluded instruments. Robust
standard errors (clustered by firm and industry-year) are reported in parentheses. Significance:
∗10%, ∗∗5%, ∗∗∗1%.
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3.6 Robustness

3.6.1 Number of neighbors
Although common in spatial econometric regressions, the row-standardization
that we impose when constructing the geographic spatial lag implicitly assumes
that TFP spillovers depend only on the average productivity of the firm’s neigh-
bors, and not on their number. A firm may, however, learn more from its neigh-
bors if it has many. The marginal effect of the spatial lag may thus be stronger
for firms located close to many other firms. Table 3.6.1 splits the sample be-
tween firms with a below and above median number of neighbors (the average
number of neighbors over the sample period). The results indicate that there is
no evidence of geographic observation-based spillovers, even for the firms with
many neighbors. Similarly, we find no evidence for spillovers from (potentially)
input-supplying firms that are located in the vicinity of firms with many neigh-
bors22.

3.6.2 Controlling for industry × year fixed effects
We now test the robustness of our results to including industry x year instead of
year fixed effects. While all our estimates in the analysis include year and firm
fixed effects (or first differencing instead of firm fixed effects), industry-year fixed
effects partial out any time-varying factor that is common to an industry. These
are often used in TFP regressions, notably to partial out changes in prices. Even
if all values in our analysis are deflated by the 2-digit industry price level, using
industry x year fixed effects may capture imperfectly measured price changes as
well as other unobserved changes common to all firms. In some specifications, we
also control for a 5-digit industry x year fixed-effect, which partials out changes
common to firms within a narrowly defined industry. Note that in this latter
case, the individual controls for tariffs drop out and we cannot use the spatial
lags based on inputs only for lack of variation. Table 3.6.2 presents the results
controlling for industry x year fixed effects where an industry is defined at the 2-
digit level in columns 2 to 5 and at the 5-digit level in columns 6 to 8. The results
are similar to those including year fixed effects, and none of our coefficients on
spatial lags estimates are significant.

22For the sake of brevity, results are not reported but are available upon request.
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Table 3.6.1: Robustness - Split sample on few vs. many neighbors

Few neighbors Many neighbors

(1) (2) (3) (4) (5) (6)
Panel A: Second stage
Spatial lag ≤50kmt (A) -0.020 -0.27

(0.19) (0.55)
Spatial lag ≤100kmt (B) -0.022 -0.28

(0.23) (1.42)
Spatial lag same statet (C) -0.50 0.62

(0.42) (1.20)
Output tarifft−1 0.068 0.047 0.096∗∗ 0.040 0.070 0.0065

(0.049) (0.046) (0.046) (0.058) (0.065) (0.058)
Input tarifft−1 -0.46∗∗ -0.41∗∗ -0.60∗∗∗ -0.34 -0.42 -0.24

(0.19) (0.19) (0.17) (0.25) (0.27) (0.28)

Panel B: First stage
Output tarifft−1 0.000018 -0.013 -0.017∗ -0.026∗∗∗ -0.015∗ 0.0034

(0.015) (0.013) (0.0088) (0.0081) (0.0085) (0.0092)
Input tarifft−1 -0.094∗ -0.024 -0.021 0.015 0.032 0.056∗

(0.051) (0.046) (0.033) (0.028) (0.028) (0.031)
Instr. output tarifft−1 for (A) 0.11∗∗∗ -0.23∗∗

(0.031) (0.11)
Instr. input tarifft−1 for (A) -0.54∗∗∗ -1.12∗∗∗

(0.085) (0.36)
Instr. output tarifft−1 for (B) 0.069∗ 0.052

(0.041) (0.14)
Instr. input tarifft−1 for (B) -0.56∗∗∗ -0.89∗∗

(0.097) (0.36)
Instr. output tarifft−1 for (C) -0.0076 0.26∗

(0.054) (0.15)
Instr. input tarifft−1 for (C) -0.35∗∗∗ 0.089

(0.13) (0.48)
Observations 7929 8486 8870 8200 7625 7251
Hansen test p-value 0.52 0.29 0.87 0.75 0.096 0.97
F−stat 24.6 22.7 15.2 23.5 4.05 3.52
The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring
firms. “Spatial lag 50km” (“Spatial lag 100km”) is the simple average of TFP of other firms located within
a 50 km (100 km) radius. “Spatial lag same state” is the simple average of TFP of other firms’ TFP in
the same state. All regressions include firm fixed effects year dummies. Sample in columns 1 to 3 (4 to 6)
includes firms with below (above) median number of neighbors (averaged over the sample period). Bottom
and top one percentile of spatial lag is excluded from the sample. The reported F−stat corresponds to the
first stage F test of excluded instruments. Robust standard errors (clustered by firm and industry-year) are
reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table 3.6.2: Robustness - Including industry x year fixed effects

2-digit industry x year FE 5-digit industry x year FE

(1) (2) (3) (4) (5) (6) (7)
Panel A: Second stage
Spatial lag ≤50kmt (A) -0.14 -0.099

(0.18) (0.18)
Spatial lag ≤100kmt (B) -0.24 -0.14

(0.22) (0.25)
Spatial lag inputt (C) -0.16

(0.26)
Sp. lag input & ≤100kmt (D) -0.24 -0.10

(0.24) (0.28)
Output tarifft−1 0.068∗ 0.063 0.039

(0.040) (0.039) (0.037)
Input tarifft−1 -0.27 -0.26 -0.016

(0.28) (0.29) (0.40)

Panel B: First stage
Output tariff t−1 -0.0070 -0.017∗ 0.034∗∗

(0.011) (0.0088) (0.014)
Input tariff t−1 -0.096 -0.032 0.21

(0.076) (0.063) (0.13)
Instr. output tariff for (A) 0.11∗∗∗ 0.11∗∗∗

(0.031) (0.032)
Instr. input tariff for (A) -0.56∗∗∗ -0.55∗∗∗

(0.085) (0.089)
Instr. output tariff for (B) 0.056 0.060

(0.040) (0.039)
Instr. input tariff for (B) -0.57∗∗∗ -0.56∗∗∗

(0.096) (0.089)
Instr. output tariff for (C) 0.76∗∗∗

(0.13)
Instr. input tariff for (C) -1.82∗∗∗

(0.33)
Instr. output tariff for (D) 0.047 0.049

(0.039) (0.038)
Instr. input tariff for (D) -0.55∗∗∗ -0.53∗∗∗

(0.097) (0.090)
Observations 16127 16121 16108 16121 15523 15511 15511
Hansen test p-value 0.70 0.28 0.65 0.28 0.86 0.75 0.67
F−stat 26.8 24.3 20.3 22.8 23.2 25.5 22.4
The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring
firms. “Spatial lag ≤50km” (“Spatial lag ≤ 100km”) are the average TFP of other firms located within a 50
km (100 km) radius. “Spatial lag input” is the weighted average of TFP of input-supplying firms, where the
weights are given by the share of inputs (from the IO matrix). “Spatial lag input & ≤ 100km” is the average
TFP of firms in input supplying industries located within 100 km. All regressions include firm and industry x
year fixed effects. An industry is defined at the 2-digit level in columns 1 to 4 and at the 5-digit level in columns
5 to 7. Bottom and top one percentile of spatial lags are excluded from the sample. The reported F−stat is
the first stage F test of excluded instruments. Robust standard errors (clustered by firm and industry-year) are
reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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3.6.3 Estimates in first difference and with different lags
So far in this chapter, we have assumed that if knowledge spills over, it does
so immediately. In fact, our main specifications posit that an increase in the
average TFP of firm j’s neighbors shows immediate effects on firm j’s produc-
tivity. Spillovers may, however, take time to materialize, as knowledge transfers
and the implementation of those transfers in the production process may come
with a lag. We test the robustness of our results to using a one year lag of the
different spatial lags in our analysis. Columns 1 to 3 in Table 3.6.3 replicate some
of our main specifications regressing TFPit on the average TFP of neighboring
firms at t− 1, i.e. on ∑j w

Ω
ij,t−1 ∗ TFPj,t−1. The spatial lag of TFP at t− 1 is

instrumented with the corresponding spatial lag of output and input tariffs at
t− 2. These alternative timing assumptions do not affect our results, and all
effects remain insignificant.

As an alternative to using firm fixed effects, we replicate our results using a
first difference estimation. The estimating equation becomes:

∆TFPi,t =ρ
∑

j

wij,t−1 ∗∆TFPj,t

+ β1∆outputtariffi,t+

+ β2∆inputtariffi,t + dt + ∆εi,t,
(3.5)

where ∆ is the time difference operator (e.g. ∆TFPjt = TFPjt− TFPjt−1) and
dt is a year dummy. The estimates of Eq. (3.5), reported in columns 4 to 6 of
Table 3.6.3, as well as other non-reported specifications, show that the results
with estimation in first differences are very close to those including fixed effects.

3.6.4 Robustness on TFP estimate
As discussed in Section 3.3.4, there are different ways to calculate TFP, each
having its own data requirement and theoretical and econometric assumptions.
Tables 3.A.11 to 3.A.13 in the appendix check the robustness of our main re-
sults to three different TFP estimates, namely the simple Solow Residual (SR),
a production function estimation using OLS with fixed effects (OLS FE) and a
recent method proposed by Ghandi et al. (2016) (GNR). The insignificant re-
sults found in Tables 3.5.1 through 3.5.3 remain insignificant throughout. The
empirical evidence for the first additional channel, namely positive observations
spillovers from productive to productive firms is confirmed when using the GNR
and SR measure of productivity, but not for the OLS FE measure (Table 3.A.14
in the Appendix). In the latter case, the coefficient remains positive; but large
standard errors, potentially caused by a weak first-stage, render the coefficient
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Table 3.6.3: Robustness - Different time lags and first difference esti-
mates

Dep. var.: TFPt Dep. var.: ∆TFPt

All regressors lagged 1 period All regressors in 1st diff.

(1) (2) (3) (4) (5) (6)
Panel A: Second stage
Spatial lag ≤ 50km (A) -0.0096 0.082

(0.19) (0.38)
Spatial lag ≤ 100km (B) -0.30 0.32

(0.28) (0.32)
Spatial lag input (C) -0.075 0.18

(0.15) (0.18)
Output tariff 0.030 0.022 0.026 0.074∗ 0.065 0.060

(0.040) (0.039) (0.040) (0.041) (0.040) (0.041)
Input tariff -0.45∗∗ -0.45∗∗ -0.45∗∗ -0.35∗∗ -0.35∗∗ -0.36∗∗

(0.20) (0.20) (0.20) (0.16) (0.16) (0.15)
Panel B: First stage
Output tariff -0.0094 -0.0099 0.021 0.011 0.0066 0.068∗∗∗

(0.011) (0.0099) (0.020) (0.0098) (0.0088) (0.023)
Input tariff -0.028 -0.0089 -0.017 -0.022 -0.025 -0.18

(0.039) (0.037) (0.078) (0.035) (0.026) (0.12)
Instr. output tariff for (A) 0.12∗∗∗ 0.081∗∗∗

(0.040) (0.027)
Instr. input tariff for (A) -0.56∗∗∗ -0.22∗∗∗

(0.10) (0.074)
Instr. output tariff for (B) 0.068 0.10∗∗∗

(0.048) (0.027)
Instr. input tariff for (B) -0.59∗∗∗ -0.33∗∗∗

(0.11) (0.067)
Instr. output tariff for (C) 0.79∗∗∗ 0.90∗∗∗

(0.18) (0.28)
Instr. input tariff for (C) -2.25∗∗∗ -1.53∗∗

(0.67) (0.74)
Observations 11357 11374 11525 12249 12249 12421
Hansen test p-value 0.35 0.97 0.17 0.87 0.43 0.29
F -stat 19.3 21.8 13.0 5.52 12.6 9.60
The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of
neighboring firms. “Spatial lag ≤ 50km” (“Spatial lag ≤ 100km”) is the average TFP of other firms
located within a 50 km (100 km) radius. “Spatial lag input” is the weighted average of TFP of
input-supplying firms, where the weights are given by the share of inputs (from the IO matrix). All
regressions include firm and year fixed effects, except columns 4-6 which are estimated in differences
and therefore include only year dummies. All regressors are lagged one period in column 1 to 3 and
are in first difference in column 4 to 6. Bottom and top percentile of spatial lags are excluded from
the sample. The reported F−stat is the first stage F test of excluded instruments. Robust standard
errors (clustered by firm and industry-year) are reported in parentheses. Significance: ∗10%, ∗∗5%,
∗∗∗1%.
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insignificant. The lack of evidence for spillovers from input-supplying firms, even
from and to highly productive firms, remains in all specifications with the dif-
ferent TFP measures (Table 3.A.15). We perform a number of additional tests
which we do not report for the sake of brevity23. First, we split the sample be-
tween foreign and domestically owned firms24 since foreign-owned firms may use
different channels of learning or could be differently sensitive to local spillovers.
We do not find any evidence of spillovers for both groups of firms except for
the absorptive capacity channel where both domestic and foreign firms are both
positively affected by neighboring firms’ TFP25.

Second, we estimate equation (3.3) controlling for lagged productivity
(TFPi,t−1). Controlling for lagged TFP is consistent with Levinsohn and Petrin
(2003)’s identifying assumption that TFP follows a Markov process. Because the
lagged dependent variable and the firm fixed effect are correlated, we also use the
Arellano and Bond (1991) estimator, which is a consistent generalized method
of moments (GMM) estimator for panel models including a lagged dependent
variable. This method eliminates the firm fixed effect by first-differencing and
uses further lags of the level of the lagged dependent variable to instrument
for the differenced lagged dependent variable. With either method, the one
period lagged (own) TFP is a significant predictor of current own TFP with a
coefficient around 0.30 (p< 0.05) but none of our spillover results are affected.
In particular, previously found insignificant effects remain insignificant and the
coefficient for observation spillovers from productive firms to productive firms
remains significant when including lagged (own) TFP in the IV specification.
When estimation is done using the GMM estimator, however, the coefficient
remains about the same size (0.51), but is insignificant.

3.7 Conclusion
It is often argued that the positive effects of policies or institutional reforms
on the TFP of firms are amplified by positive spillovers to other firms. In this
chapter, we empirically estimate the strength of such inter-firm TFP spillovers
in Indian following the period of trade liberalization in the early 1990’s. We ex-
amine different channels through which such spillovers are commonly thought to

23All results are available upon request.
24Around 9% of firms in the sample are foreign owned.
25 Furthermore, unreported results indicate that spillovers are absent between firms that are

relatively close to one of the 12 main Indian ports, as well as between firms located further
away from ports.
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arise, namely through observation or labor mobility between neighboring firms or
through intermediate input use. We find no evidence in favor of such spillovers.
Only once we take into account substantial heterogeneity in the capacity to gain
from TFP spillovers as well as heterogeneity in the source of the spillovers, we
find that firms with a high TFP are able to reap the benefits of productivity
increases in geographically neighboring productive firms. The absence of such
spillovers for other firms may act as a drag on growth and reflect an institutional
context not sufficiently conducive to spreading innovations. Property rights pro-
tection, the rule of law and macroeconomic stability boost innovation as well
as imitation (Aghion and Jaravel, 2015). In this specific case, India was still
in an early stage of liberalization in which firms may have lacked the ability
for organizational change and flexibility to reap the benefits from increased pro-
ductivity experienced by other firms as a result of the lower tariffs (Konings,
2001). Moreover, while India provided a relatively weak system of intellectual
property protection with the intention to spur technology spillovers, it may have
actually discouraged the transfer of knowledge. Feinberg and Majumdar (2001),
for example, only find spillovers among multinational corporations (MNC) in
the pharmaceutical sector and not between MNCs and domestic firms in India
between 1980 and 1994. It is, however, not fully understood which institutional
factors promote knowledge spillovers exactly. Further research into the specific
institutional factors affecting the lack of spillovers in India may inform policy to
promote growth through TFP spillovers between firms.
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3.A Appendix

3.A.1 Data
Details on the construction of output and input tariffs

We use tariff data from Topalova and Khandelwal (2011). The effect of trade
liberalization on firms’ total factor productivity (TFP) may come trough two
types of tariffs. First, the output tariff is the tariff foreign firms in a particular
industry face when exporting their products to India. A lower tariff thus means
lower trade protection of domestic firms or conversely, a higher level of trade
liberalization. Trade protection may also come in the form on input tariffs, which
are defined as the tariffs on the intermediate inputs used in the production of
the industry’s final goods.

Topalova and Khandelwal (2011) construct a database of annual tariff data for
1987 to 2001 at the six-digit level of the Indian Trade Classification Harmonized
System (HS). These 5,045 HS6 product lines were matched to 116 industries at
the four-digit NIC1998 to calculate industry-level tariffs. Since then, Prowess has
updated its industry classification to NIC08, so in order to combine their tariff
data with our firm-level data, we match the industry-level tariffs from NIC1998
to NIC2008 to obtain output tariffs. The input tariff for a given industry k is
calculated using:

inputtariffk,t =
∑
s
αksoutputtariffs,t,

which corresponds to Eq. (4) in Topalova and Khandelwal (2011), and where
αjsis the share of input of commodity s in the value of output industry k. These
weights are obtained from the commodity-industry Input-Output table and are
matched to the NIC08 industries. We do not use exactly the same matching as
Topalova and Khandelwal (2011) due to the updated National Industry Classifi-
cation used in Prowess.

Variables used in TFP calculation

Firm-level TFP is estimated using the following firm-level variables from the
Prowess database: sales, change in inventory, gross fixed assets, compensation to
employees, power and fuel expenses, and raw material expenses. These variables
are used to construct measures of output, capital, labor, power and fuel input,
and raw material inputs. We use the period 1988-2002 to estimate the coefficients
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of the production function for each industry using the methodology proposed by
Levinsohn and Petrin (2003). After obtaining the coefficients, we calculate TFP
as the residual.

The value of output is calculated as the difference between total sales and
change in inventory. We deflate output using the two-digit NIC98 industry-
specific wholesale price indices (WPI). The wholesale price indices are obtained
from the Office of the Economic Advisor to the Ministry of Commerce and In-
dustry (http://www.eaindustry.nic.in/) and are matched to the two-digit NIC98.

The measure of capital input is constructed from the data on gross fixed assets
and depreciation using a modified perpetual inventory method (Balakrishnan
et al., 2000), which takes into account that capital is recorded at historic, and
not replacement cost.

Because of a lack of data on the number of employees per firm, labor input
is proxied by compensation to employees. This measure includes salaries and
wages, but also bonuses and staff training expenditures. The advantage of using
this measure compared to the number of workers is that it reflects both worker
quality and quantity. The deflator used is constructed from the WPI on all
commodities.

Due to a lack of information on physical quantities, we use deflated raw mate-
rial expenses as proxy for raw material inputs. The deflator used is constructed
from the WPI series on primary articles.

Power, fuel and water expenses is used as a proxy for power and fuel input.
The deflator used is constructed from the WPI series on fuel, power, light and
lubricants.

Details on the construction of the spatial weights

We have two spatial dimensions for the spatial weights: geographical space and
economic space. First, for the geographic space, we calculate the distance be-
tween two firms based on the geographical coordinates (latitude and longitude)
of the firms’ zip codes26. We then calculate the distance between each pair of
companies and store these in a N ∗N matrix, WD, where entry wDij gives the
distance between firm i and j. From this, we generate the matrix WD50

t , where
entry wD50

ij,t equals 1 if the distance between firm i and j is less than or equal to
50 kilometers, and zero otherwise. We also set the weight equal to zero if TFP
of firm j is missing in year t, and if firm i and j belong to the same industry. We

26Unfortunately, address information is often incompletely or inconsistently recorded, so
that the precise address cannot be matched to a set of latitude and longitude coordinates.
Therefore, we use zip codes instead.
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then generate the actual spatial weights wG50
ij,t = w

D50
t
Ni,t

where Ni,t is the number
of firms located in firm i’s 50km radius (excluding the firm itself). The weight is
thus either 1

Ni,t
(if firm j and i are neighbors within a 50km radius), or zero (if

they are not neighbors). We define similar weights for a 100km radius or firms
located in the same state.

Second, for the economic space, we consider the economic ‘closeness’ between
input-supplying and input-buying firms. For this, we use the Indian Input-
Output (IO) Transaction Table from 1993-1994. First, we take the IO matrices
commodity x industry (called the absorption matrix27) and industry x commodity
(called the market share matrix), and we multiply these to get the industry x
industry IO matrix (this is what we call the IO matrix). This is a 115*115
matrix, where entry αkh gives the inputs supplied by industry h as a fraction
of total output of industry k. Note that ∑h αkh + VAk = 1, where VA=value
added. Our dataset is comprised of manufacturing firms, so we do not consider
αkh for industries h that are non-manufacturing, such as Agriculture, Mining
and Services. We use this table to generate a matrix W IO, where entry W IO

ij

proxies for the share of inputs supplied by firm j as a share of total inputs used
by firm i, knowing that firm j belong to industry h and firm i to industry k.
Specifically, we set entry wIOij,t = αkh

Nh,t
, where Nh,t is the number of firms (in out

dataset) that belong to industry h. Thus, given that we have a firm i, we know
that, at least at the industry level, faction αkh of its inputs (say 30%) is supplied
by industry h. Given that we have, in a given year, in our dataset Nh,t firms in
industry h (say 100 firms), we posit that every one of these firms supplies 0.3%
of firm i’s inputs. While these equal shares may not hold at the firm-level, we
expect them to hold, on average, at the industry level. Since our instrument is
measured at the industry-level, we set αkk = 0. We row-standardize the weights,

meaning that ∑j(wIOij,t) = 1. Therefore, technically, we have wIOij,t =
αkh
Nh,t∑
j(
αkh
Nh,t

) .

In Section 3.5.4, we use two spatial lags. For a given spatial dimension, for
example 50 km observation, we use the ‘regular’ spatial weight matrix (WΩ).
This is a N*N matrix where an entry wΩ

i,j equals one if firms i and j are located
within 50km of each other (for Ω = 50km). For every firm we compute average
TFP over the period 1989-1996 and we create a dummy variable that equals 1 if
this mean TFP is above median for the sample of firms. Then we compute two
new spatial weight matrices. We start with the original spatial weight matrix,
but set entries equal to zero if firm j has below median productivity over the

27This is the one used in the calculation of input tariffs, see Section 3.A.1.
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period 1989-1996. We call this spatial weight matrix 50 km “High” (or in general
terms (WΩHigh), a N*N matrix where an entry i, j equals one if firms i and j are
located within 50km of each other and firm j is denoted as ‘high productivity
firm’. We similarly create a spatial weight matrix 50 km “Low” a N*N matrix
where an entry i, j equals one if firms i and j are located within 50km of each
other and firm j is denoted as ‘low productivity firm’. Using these two spatial
weights matrices, we compute the corresponding spatial lag matrix (the spatial
weight matrix * TFP vector) for each year. Note that we row-standardize both
spatial weight matrices so that the spatial lag 50 km high (low) can be interpreted
as the average TFP of neighboring firms with above (below) median TFP.

Details on the share of intermediate inputs used

In Section 3.5.2 , we split the sample based on the share of manufacturing inputs
in total output (averaged over the sample period). We have two sources of
information to proxy for this share. First, at the firm level, we know the share
of total input in total output. We compute the firm-level share of total inputs
in total outputs, SIT :

SITi,t =
Value of total inputsi,t
Value of total outputi,t

Second, at the industry level, we know the share of manufacturing inputs in
total inputs. We compute the industry-level share of manufacturing inputs in
total inputs, SMI:

SMIi,t =
∑
h α

m
kh∑

h α
m
kh +∑

l α
o
kl

Where αmkh is the share of total inputs used by industry k (to which firm i

belong), supplied by manufacturing industry h. αokl is the share of total inputs
supplied by non-manufacturing industry l. We then multiply SMI and SMI, to
obtain a proxy for the firm-level share of manufacturing inputs in total output:

SMITi,t = SMIi,t ∗ SIT i,t

By definition, 0 ≤ SMITi,t ≤ 1. For each firm, we compute the average of
SMITi,t across the period 1989-1996. Based on the median value for all firms, we
split the total sample into “high input-using firms” and “low input-using firms”.
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3.A.2 Additional information
Figures 3.A.1 and 3.A.2 below show the distribution and density of firms across
India.

Figure 3.A.1: Location of firms (1= inflexible labor laws, 2=neutral,
3=flexible labor laws)

Figure 3.A.2: Density of firms
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Figure 3.A.3: Subsets of firms based on NIC classification

(a) NIC 10 (b) NIC 13 (c) NIC 20

(d) NIC 21 (e) NIC 22 (f) NIC 23

(g) NIC 24 (h) NIC 27 (i) NIC 28
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Figure 3.A.4: Location firms over the years

(a) 1988 (b) 1989 (c) 1990

(d) 1991 (e) 1992 (f) 1993

(g) 1994 (h) 1995 (i) 1996
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Figure 3.A.5: Spatial lag 50km and number of neighbors

Table 3.A.1: Cross-correlations: 100km weights

Variables (1) (2) (3) (4) (5) (6)
(1) TFP 1.00
(2) Output tarifft−1 -0.01 1.00
(3) Input tarifft−1 -0.09 0.51 1.00
(4) Spatial lag (100km) 0.05 -0.10 -0.15 1.00
(5) Instrument output tariff (100km) -0.03 0.49 0.65 -0.15 1.00
(6) Instrument input tariff (100km) -0.04 0.54 0.66 -0.20 0.94 1.00

Table 3.A.2: Cross-correlations: same state weights

Variables (1) (2) (3) (4) (5) (6)
(1) TFP 1.00
(2) Output tarifft−1 -0.01 1.00
(3) Input tarifft−1 -0.09 0.51 1.00
(4) Spatial lag (state) 0.05 -0.18 -0.23 1.00
(5) Instrument output tariff (state) -0.05 0.53 0.71 -0.29 1.00
(6) Instrument input tariff (state) -0.05 0.56 0.70 -0.31 0.97 1.00
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Table 3.A.3: Cross-correlations: 50km weights for existing firms spa-
tial lag

Variables (1) (2) (3) (4) (5) (6)
(1) TFP 1.00
(2) Output tarifft−1 -0.01 1.00
(3) Input tarifft−1 -0.09 0.51 1.00
(4) Spatial lag (50km) -0.01 0.13 0.17 1.00
(5) Instrument output tariff (50km) 0.01 0.30 0.38 0.14 1.00
(6) Instrument input tariff (50km) -0.00 0.31 0.39 0.10 0.78 1.00

Table 3.A.4: Cross-correlations: same state weights for existing firms
spatial lag

Variables (1) (2) (3) (4) (5) (6)
(1) TFP 1.00
(2) Output tarifft−1 -0.01 1.00
(3) Input tarifft−1 -0.09 0.51 1.00
(4) Spatial lag (state) -0.00 0.25 0.32 1.00
(5) Instrument output tariff (state) 0.01 0.32 0.42 0.28 1.00
(6) Instrument input tariff (state) -0.00 0.32 0.41 0.21 0.77 1.00

Table 3.A.5: Cross-correlations: IO weights for existing firms spatial
lag

Variables (1) (2) (3) (4) (5) (6)
(1) TFP 1.00
(2) Output tarifft−1 -0.01 1.00
(3) Input tarifft−1 -0.09 0.51 1.00
(4) Spatial lag (IO) -0.03 0.28 0.42 1.00
(5) Instrument output tariff (IO) 0.01 0.33 0.42 0.31 1.00
(6) Instrument input tariff (IO) -0.01 0.32 0.43 0.16 0.75 1.00
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3.A.3 Robustness
Including bottom and top percentile of spatial lag

Table 3.A.6: Robustness - absoptive capacity (observation and inputs)
including outliers

Observation Input
All firms Low TFP High TFP All firms Low TFP High TFP

(1) (2) (3) (4) (5) (6)
Panel A: Second stage
Spatial lagHigh ≤ 50kmt (A) 0.21∗∗ 0.012 0.30∗∗

(0.086) (0.11) (0.14)
Spatial lagHigh inputt (B) -0.025 0.063 -0.074

(0.092) (0.095) (0.12)
Output tarifft−1 0.060 0.020 0.099 0.055 0.019 0.092

(0.042) (0.043) (0.062) (0.042) (0.043) (0.063)
Input tarifft−1 -0.47∗∗∗ -0.35 -0.64∗∗∗ -0.43∗∗ -0.37∗ -0.53∗∗

(0.18) (0.22) (0.21) (0.19) (0.22) (0.23)
Panel B: First stage
Output tarifft−1 -0.016 -0.013 -0.023 0.043 0.042 0.043

(0.023) (0.026) (0.034) (0.029) (0.032) (0.033)
Input tarifft−1 0.15 0.083 0.21 -0.19 -0.19 -0.18

(0.098) (0.093) (0.15) (0.12) (0.13) (0.14)
Instr. output tarifft−1 for (A) 0.27∗∗∗ 0.30∗∗∗ 0.25∗∗∗

(0.054) (0.063) (0.072)
Instr. input tarifft−1 for (A) -0.18 -0.44∗∗∗ 0.12

(0.14) (0.16) (0.26)
Instr. output tarifft−1 for (B) 1.54∗∗∗ 1.55∗∗∗ 1.54∗∗∗

(0.26) (0.28) (0.26)
Instr. input tarifft−1 for (B) -3.24∗∗∗ -3.38∗∗∗ -3.14∗∗∗

(0.54) (0.61) (0.51)
N 16484 8195 8289 16484 8195 8289
Hansen test p-value 0.62 0.53 0.85 0.48 0.31 0.88
F−stat 13.1 14.0 6.22 18.4 16.1 19.1
The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring
firms. “Spatial lagHigh 50km” is the simple average of TFP of other firms located within a 50km radius
that have an average TFP above median. “Spatial lagHigh input” is the weighted average of TFP of input-
supplying firms that have an average TFP above median, where the weights are given by the share of inputs
(from the IO matrix). Columns 1 and 4 report the results when using the full sample, columns 2 and 5 (3
and 6) report the results when estimation is done on a subsample of firms with below (above) median TFP
(averaged over 1989-1996). All regressions include firm fixed effects and year dummies. The reported F−stat
corresponds to the first stage F test of excluded instruments. Robust standard errors (clustered by firm and
industry-year) are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table 3.A.7: Robustness - combining inputs and distances including
outliers

Geographical distance 50 km 100 km Same State 50km

States All All All Inflexible Flexible
(1) (2) (3) (4) (5)

Panel A: Second stage
Spat. lag input & ≤50kmt (A) 0.050 0.22 -0.0079

(0.16) (0.19) (0.15)
Spat. lag input & ≤100kmt (B) 0.31

(0.39)
Spat. lag input & same statet (C) 0.077

(0.23)
Output tarifft−1 0.056 0.059 0.056 0.051 0.083

(0.042) (0.042) (0.042) (0.044) (0.085)
Input tarifft−1 -0.44∗∗ -0.48∗∗ -0.44∗∗ -0.29 -0.68∗∗

(0.19) (0.19) (0.18) (0.21) (0.30)
Panel B: First stage
Output tarifft−1 -0.0089 -0.0076 -0.0064 -0.019 0.0073

(0.015) (0.011) (0.0087) (0.021) (0.031)
Input tarifft−1 0.080 0.13∗ -0.0079 0.15 0.11

(0.068) (0.071) (0.028) (0.11) (0.094)
Instr. output tarifft−1 for (A) 0.20∗∗∗ 0.37∗∗∗ 0.035

(0.073) (0.14) (0.063)
Instr. input tarifft−1 for (A) -0.59∗∗∗ -0.54∗∗ -0.68∗∗∗

(0.16) (0.25) (0.22)
Instr. output tarifft−1 for (B) 0.23

(0.16)
Instr. input tarifft−1 for (B) -0.034

(0.42)
Instr. output tarifft−1 for (C) 0.29∗∗∗

(0.095)
Instr. input tarifft−1 for (C) -0.97∗∗∗

(0.24)
N 16484 16484 16484 10040 4808
Hansen test p-value 0.48 0.84 0.79 0.92 0.94
F−stat 10.4 1.86 8.52 7.15 6.95
The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of
neighboring firms. “Spatial lag input 50 km” is the weighted average of TFP of input-supplying
firms located within a 50km radius, where the weights are given by the share of inputs (from the
IO matrix). “Spatial lag input 100 km” and “Spatial lag input state” are similarly defined for firms
located within a 100km radius or in the same state. Columns 4 and 5 subsample on firms located
in states with inflexible and flexible labor laws, respectively (see notes Table 3.5.3). All regressions
include firm fixed effects and year dummies. The reported F−stat corresponds to the first stage
F test of excluded instruments. Robust standard errors (clustered by firm and industry-year) are
reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table 3.A.8: Robustness - Absorptive capacity: 100km

All firms Below median TFP Above median TFP

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Panel A: Second stage
Spatial lagHigh ≤ 100kmt (A) 0.58∗∗∗ 0.38∗ 0.45 0.17 0.63∗∗ 0.47

(0.21) (0.21) (0.28) (0.25) (0.30) (0.30)
Spatial lagLow ≤ 100kmt (B) -0.36 -0.28 0.042 -0.12 -0.67 -0.34

(0.42) (0.29) (0.58) (0.24) (0.55) (0.46)
Output tarifft−1 0.062 0.049 0.047 0.027 0.0093 0.0048 0.099 0.10∗ 0.090

(0.047) (0.041) (0.047) (0.047) (0.046) (0.048) (0.071) (0.061) (0.072)
Input tarifft−1 -0.43∗∗ -0.36∗ -0.36∗ -0.37 -0.26 -0.25 -0.53∗∗ -0.53∗∗ -0.48∗∗

(0.19) (0.19) (0.20) (0.24) (0.24) (0.24) (0.22) (0.21) (0.23)
Panel B: First stage Spatial lagHigh ≤ 50kmt

Output tarifft−1 -0.014 -0.017 -0.013 -0.023 -0.015 -0.010
(0.013) (0.013) (0.016) (0.016) (0.017) (0.016)

Input tarifft−1 0.033 0.046 0.071 0.10* -0.010 -0.018
(0.043) (0.044) (0.058) (0.057) (0.047) (0.046)

Instr. output tarifft−1 for (A) 0.15*** 0.15*** 0.14*** 0.12** 0.17*** 0.18***
(0.033) (0.037) (0.050) (0.057) (0.043) (0.050)

Instr. input tarifft−1 for (A) -0.18** -0.16 -0.11 -0.054 -0.29** -0.28**
(0.091) (0.10) (0.13) (0.15) (0.12) (0.13)

Instr. output tarifft−1 for (B) -0.082** -0.10** -0.058
(0.039) (0.050) (0.054)

Instr. input tarifft−1 for (B) 0.045 0.062 0.033
(0.10) (0.14) (0.13)

Panel C: First stage Spatial lagLow ≤ 50kmt

Output tarifft−1 -0.0076 -0.0017 -0.016* 0.00041 0.00060 -0.0039
(0.0067) (0.0060) (0.0091) (0.0085) (0.0082) (0.0085)

Input tarifft−1 0.00083 0.017 0.022 0.015 -0.023 0.017
(0.020) (0.021) (0.027) (0.025) (0.021) (0.028)

Instr. output tarifft−1 for (A) -0.0050 0.013 -0.021
(0.016) (0.018) (0.019)

Instr. input tarifft−1 for (A) 0.037 0.0052 0.074
(0.054) (0.066) (0.077)

Instr. output tarifft−1 for (B) 0.066** 0.074** 0.022 0.016 0.12*** 0.15***
(0.030) (0.032) (0.040) (0.039) (0.037) (0.043)

Instr. input tarifft−1 for (B) -0.63*** -0.51*** -0.53*** -0.48*** -0.76*** -0.55***
(0.10) (0.077) (0.13) (0.11) (0.13) (0.094)

Observations 14714 14675 13841 7274 7185 6744 7440 7490 7097
Hansen test p-value 0.24 0.37 0.30 0.28 0.47 0.23 0.37 0.71 0.48
F −stat 14.8 19.6 6.26 7.04 9.54 2.37 8.68 19.7 4.80

The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring firms. “Spatial lagHigh

100km” (“Spatial lagLow 100km”) is the simple average of TFP of other firms located within a 100km radius that have an average
TFP above (below) median. Columns 1 to 3 report the results when using the full sample, columns 4 to 6 (7 to 9) report the
results when estimation is done on a subsample of firms with below (above) median TFP (averaged over 1989-1996). All regressions
include firm fixed effects and year dummies. Bottom and top one percentile of spatial lag is excluded from the sample. The reported
F−stat corresponds to the first stage F test of excluded instruments. Robust standard errors (clustered by firm and industry-year)
are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Different TFP measures

In the broadest interpretation, productivity captures the efficiency by which a
firm turns inputs into outputs. Numerous methods can be used to calculate
productivity measures, each having its own data requirement and theoretical
and econometric assumptions. Here, we report robustness of our main results
(where TFP is estimated by the Levinsohn-Petrin total revenue method) to three
alternative productivity measures coming from different estimations of the pro-
duction function. These are (1) the simple Solow residual (SR), (2) OLS es-
timation with fixed effects of the production function (OLS FE) and (3) the
non-parametric estimator of Ghandi et al. (2016) (GNR). Table 3.A.9 reports
the summary statistics on the Levinsohn-Petrin TFP and the three alternative
TFP estimates. Table 3.A.10 reports the cross-correlations. In all cases, once
firm-level TFP is estimated, we calculate a TFP index to make the firm-level
TFP estimates comparable across industries. This is done by subtracting the
average industry’s productivity in 1997 from the estimated firm-level TFP.

Table 3.A.9: Summary statistics

Variable Mean Std. Dev. Min. Max N
TFP LP -0.01 0.68 -6.53 8.75 17103
TFP SR 0.06 0.94 -20.74 6.17 16952
TFP OLS FE -0.02 1.01 -19.4 5.2 16952
TFP GNR 0.06 0.48 -5.37 5.66 17351

Table 3.A.10: Cross-correlations: different TFP estimates

Variables LP SR OLS FE GNR
TFP LP 1.00
TFP SR 0.29 1.00
TFP OLS FE 0.09 0.57 1.00
TFP GNR 0.54 0.62 0.70 1.00

Below, we report robustness of the main regressions to different TFP measures.
This mean that both the dependent variable TFP as well as the spatially lagged
TFP use each of these TFP estimates. Similarly to how regressions in the main
text were handled, we exclude outliers (the bottom and top percentile). Including
them does not change the results. The results in Table 3.A.11 below correspond
to the columns 1 and 4 in Table 3.5.1, and Table 3.A.12 reports the results
correspond to columns 3 and 6 of Table 3.5.1. Table 3.A.13 below reports the
results correspond to the columns 1 and 4 in Table 3.5.2. Our conclusion -
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namely an insignificant causal effect of neighboring firm’s TFP - is unaltered28.
Tables 3.A.14 and 3.A.15 show the results when taking into account absorptive-
capacity and the technology frontier. The positive observations spillovers effects
from highly to highly productive firms are robust to different TFP measures.

Table 3.A.11: Robustness - TFP spillovers through observation of
neighboring firms in 50 km radius: different TFP mea-
sures

OLS IV

TFP SR TFP OLS FE TFP GNR TFP SR TFP OLS FE TFP GNR
(1) (2) (3) (4) (5) (6)

Panel A: Second stage
Spatial lag ≤ 50kmt SR (A) -0.020 0.58

(0.043) (0.57)
Spatial lag ≤ 50kmt OLS FE (B) -0.034 0.27

(0.038) (0.22)
Spatial lag ≤ 50kmt GNR (C) -0.039 0.68

(0.039) (0.62)
Output tarifft−1 0.14∗ 0.12∗ 0.067∗∗ 0.15∗∗ 0.12∗ 0.075∗∗

(0.070) (0.067) (0.033) (0.072) (0.067) (0.034)
Input tarifft−1 -1.71∗∗∗ -1.32∗∗∗ -0.48∗∗∗ -1.67∗∗∗ -1.31∗∗∗ -0.48∗∗∗

(0.29) (0.25) (0.12) (0.30) (0.25) (0.13)
Panel B: First stage
Output tarifft−1 -0.014 0.010 -0.0074

(0.016) (0.017) (0.0090)
Input tarifft−1 -0.083 -0.081 -0.016

(0.053) (0.057) (0.028)
Instr. output tarifft−1 for (A) 0.15∗∗

(0.064)
Instr. input tarifft−1 for (A) -0.50∗∗∗

(0.16)
Instr. output tarifft−1 for (B) 0.18∗∗∗

(0.065)
Instr. input tarifft−1 for (B) -0.96∗∗∗

(0.16)
Instr. output tarifft−1 for (C) 0.084∗∗∗

(0.031)
Instr. input tarifft−1 for (C) -0.19∗∗

(0.076)
Observations 15973 15967 16127 15973 15967 16127
Hansen test p-value 0.14 0.18 0.47
F −stat 4.79 23.4 3.73

The table reports regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring firms. “Spatial lag
50km” is the simple average of TFP of other firms located within a 50km radius. All regressions include firm fixed effects
year dummies. OLS estimates are reported in columns 1 to 3 and instrumental variable estimates in columns 4 to 6. TFP
(both the dependent variable and spatial lag) is estimated by the simple Solow Residual (SR) in columns 1 and 4, by an
OLS regression with fixed effects (OLS FE) in columns 2 and 5, and by the nonparametric estimator of Ghandi et al. (2016)
(GNR) in columns 3 and 6. Bottom and top one percentile of spatial lag is excluded from the sample. The reported F −stat
corresponds to the first stage F test of excluded instruments. Robust standard errors (clustered by firm and industry-year)
are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.

28In unreported results, we have also experimented with a simple measure of labor produc-
tivity and a Levinsohn-Petrin estimator based on value added, which again did not change the
results.
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Table 3.A.12: Robustness - TFP spillovers through observation of
neighboring firms in same state: different TFP measures

OLS IV

TFP SR TFP OLS FE TFP GNR TFP SR TFP OLS FE TFP GNR
(1) (2) (3) (4) (5) (6)

Panel A: Second stage
Sp. lag statet SR (A) -0.15∗ -0.10

(0.081) (0.49)
Sp. lag statet OLS FE (B) -0.0080 0.0059

(0.066) (0.51)
Sp. lag statet GNR (C) 0.030 0.50

(0.077) (0.39)
Output tarifft−1 0.12 0.12∗ 0.071∗∗ 0.12 0.12∗ 0.071∗∗

(0.073) (0.067) (0.033) (0.074) (0.067) (0.034)
Input tarifft−1 -1.70∗∗∗ -1.31∗∗∗ -0.48∗∗∗ -1.69∗∗∗ -1.31∗∗∗ -0.48∗∗∗

(0.30) (0.25) (0.12) (0.31) (0.25) (0.12)
Panel B: First stage
Output tarifft−1 0.014 0.0084 0.0060

(0.0085) (0.0091) (0.0051)
Input tarifft−1 -0.14∗∗∗ -0.040 -0.026

(0.033) (0.034) (0.017)
Instr. output tarifft−1 for (A) 0.42∗∗∗

(0.093)
Instr. input tarifft−1 for (A) -1.57∗∗∗

(0.26)
Instr. output tarifft−1 for (B) 0.13

(0.11)
Instr. input tarifft−1 for (B) -1.13∗∗∗

(0.26)
Instr. output tarifft−1 for (C) 0.26∗∗∗

(0.035)
Instr. input tarifft−1 for (C) -0.72∗∗∗

(0.11)
Observations 15953 15973 16139 15953 15973 16139
Hansen test p-value 0.062 0.38 0.80
F −stat 18.6 17.5 30.4

The table reports regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring firms. “Spatial lag state” is the simple average
of TFP of other firms located in the same state. All regressions include firm fixed effects year dummies. OLS estimates are reported in columns 1 to 3
and instrumental variable estimates in columns 4 to 6. TFP (both the dependent variable and spatial lag) is estimated by the simple Solow Residual
(SR) in columns 1 and 4, by an OLS regression with fixed effects (OLS FE) in columns 2 and 5, and by the nonparametric estimator of Ghandi et al.
(2016) (GNR) in columns 3 and 6. Bottom and top one percentile of spatial lag is excluded from the sample. The reported F −stat corresponds to
the first stage F test of excluded instruments. Robust standard errors (clustered by firm and industry-year) are reported in parentheses. Significance:
∗10%, ∗∗5%, ∗∗∗1%.
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Table 3.A.13: Robustness - TFP spillovers through intermediate in-
puts: different TFP measures

OLS IV

TFP SR TFP OLS FE TFP GNR TFP SR TFP OLS FE TFP GNR
(1) (2) (3) (4) (5) (6)

Panel A: Second stage
Spatial lag inputt SR (A) 0.48∗∗∗ 0.69

(0.10) (0.49)
Spatial lag inputt OLS FE (B) 0.18∗∗ 0.23

(0.081) (0.23)
Spatial lag inputt GNR (C) 0.42∗∗∗ 0.056

(0.11) (0.24)
Output tarifft−1 0.094 0.10 0.066∗∗ 0.088 0.10 0.067∗∗

(0.072) (0.066) (0.032) (0.075) (0.067) (0.033)
Input tarifft−1 -1.54∗∗∗ -1.13∗∗∗ -0.45∗∗∗ -1.52∗∗∗ -1.10∗∗∗ -0.48∗∗∗

(0.28) (0.25) (0.12) (0.29) (0.27) (0.13)
Panel B: First stage
Output tarifft−1 0.034 0.012 0.012

(0.038) (0.039) (0.017)
Input tarifft−1 -0.12 -0.36∗∗ -0.14∗∗

(0.13) (0.14) (0.062)
Instr. output tarifft−1 for (A) 0.32∗∗

(0.14)
Instr. input tarifft−1 for (A) -1.45∗∗∗

(0.34)
Instr. output tarifft−1 for (B) 0.26∗

(0.14)
Instr. input tarifft−1 for (B) -2.38∗∗∗

(0.32)
Instr. output tarifft−1 for (C) 0.32∗∗∗

(0.057)
Instr. input tarifft−1 for (C) -1.17∗∗∗

(0.18)
Observations 15982 15993 16112 15982 15993 16112
Hansen test p-value 0.81 0.92 0.89
F −stat 9.74 27.9 22.9

The table reports regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring firms. “Spatial lag input” is the weighted
average of TFP of input-supplying firms, where the weights are given by the share of inputs (from the IO matrix). All regression include firm fixed
effects and year dummies. OLS estimates are reported in columns 1 to 3, and fixed effects instrumental variable estimates in columns 4 to 6. TFP
(both the dependent variable and spatial lag) is estimated by the simple Solow Residual (SR) in columns 1 and 4, by an OLS regression with fixed
effects (OLS FE) in columns 2 and 5, and by the nonparametric estimator of Ghandi et al. (2016) (GNR) in columns 3 and 6. The reported F −stat
corresponds to the first stage F test of excluded instruments. Robust standard errors (clustered by firm and industry-year) are reported in parentheses.
Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table 3.A.14: Robustness - Absorptive capacity observation 50km:
different TFP measures

All firms Below median TFP Above median TFP

TFP SR TFP OLS FE TFP GNR TFP SR TFP OLS FE TFP GNR TFP SR OLS FE TFP GNR
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: Second stage
Spatial lagHigh ≤ 50kmt SR (A) 0.090 0.020 0.13∗

(0.059) (0.087) (0.081)
Spatial lagHigh ≤ 50kmt OLS FE (B) 0.015 -0.28 0.22

(0.13) (0.19) (0.20)
Spatial lagHigh ≤ 50kmt GNR (C) 0.20 -0.022 0.46∗∗

(0.12) (0.14) (0.20)
Output tarifft−1 0.061 0.058 0.060 0.023 0.076 0.055 0.098∗∗ 0.049 0.064

(0.042) (0.042) (0.042) (0.066) (0.064) (0.056) (0.045) (0.049) (0.054)
Input tarifft−1 -0.40∗∗ -0.45∗∗ -0.41∗∗ -0.79∗∗∗ -0.71∗∗∗ -0.66∗∗∗ -0.11 -0.29 -0.18

(0.19) (0.19) (0.19) (0.26) (0.24) (0.23) (0.19) (0.22) (0.22)
Panel B: First stage
Output tarifft−1 -0.0055 -0.0015 -0.010 0.0083 0.031 -0.00012 -0.015 -0.016 -0.020

(0.016) (0.021) (0.011) (0.022) (0.028) (0.013) (0.023) (0.030) (0.015)
Input tarifft−1 -0.13∗∗ -0.040 -0.017 -0.16∗∗ -0.065 -0.011 -0.11 -0.027 -0.026

(0.056) (0.062) (0.034) (0.083) (0.084) (0.053) (0.069) (0.081) (0.042)
Instr. output tarifft−1 for (A) 0.30∗∗∗ 0.31∗∗∗ 0.28∗∗∗

(0.043) (0.044) (0.064)
Instr. input tarifft−1 for (A) 0.019 -0.049 0.086

(0.11) (0.13) (0.17)
Instr. output tarifft−1 for (B) 0.16∗∗∗ 0.22∗∗∗ 0.13∗∗

(0.050) (0.069) (0.062)
Instr. input tarifft−1 for (B) -0.018 -0.19 0.085

(0.15) (0.20) (0.19)
Instr. output tarifft−1 for (C) 0.16∗∗∗ 0.15∗∗∗ 0.17∗∗∗

(0.028) (0.035) (0.039)
Instr. input tarifft−1 for (C) -0.016 0.026 -0.052

(0.072) (0.090) (0.11)
N 16140 16106 16126 7660 7193 7948 8480 8846 8178
Hansen test p-value 0.96 0.28 0.50 0.38 0.58 0.090 0.24 0.71 0.62
F −stat 72.7 10.9 52.2 58.5 7.86 30.8 37.2 6.12 26.5

The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring firms. “Spatial lagHigh 50km” is the simple average of TFP of other firms located
within a 50km radius that have an average TFP above median. Columns 1 to 3 report the results when using the full sample, columns 4 to 6 (7 to 9) report the results when estimation is
done on a subsample of firms with below (above) median TFP (averaged over 1989-1996). TFP (both the dependent variable and spatial lag) is estimated by the simple Solow Residual (SR)
in columns 1, 3 and 7, by an OLS regression with fixed effects (OLS FE) in columns 2, 4 and 8, and by the nonparametric estimator of Ghandi et al. (2016) (GNR) in columns 3, 5 and 9. All
regressions include firm fixed effects and year dummies. Bottom and top one percentile of spatial lag is excluded from the sample. The reported F −stat corresponds to the first stage F test
of excluded instruments. Robust standard errors (clustered by firm and industry-year) are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table 3.A.15: Robustness - Absorptive capacity inputs: different TFP
measures

All firms Below median TFP Above median TFP

TFP SR TFP OLS FE TFP GNR TFP SR TFP OLS FE TFP GNR TFP SR OLS FE TFP GNR
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: Second stage
Spatial lagHigh inputt SR (A) -0.15 -0.060 -0.25

(0.20) (0.24) (0.24)
Spatial lagHigh inputt OLS FE (B) -0.19 0.31 -0.45

(0.29) (0.51) (0.32)
Spatial lagHigh inputt GNR (C) 0.0013 0.11 -0.080

(0.33) (0.39) (0.43)
Output tarifft−1 0.052 0.051 0.046 0.016 0.055 0.056 0.088∗∗ 0.056 0.035

(0.043) (0.043) (0.042) (0.067) (0.064) (0.055) (0.045) (0.051) (0.052)
Input tarifft−1 -0.43∗∗ -0.42∗∗ -0.39∗∗ -0.84∗∗∗ -0.53∗ -0.61∗∗ -0.12 -0.21 -0.17

(0.19) (0.20) (0.19) (0.26) (0.30) (0.24) (0.19) (0.23) (0.21)
Panel B: First stage
Output tarifft−1 0.018 0.019 -0.0012 0.013 -0.0025 -0.00023 0.018 0.030 -0.0037

(0.030) (0.028) (0.014) (0.038) (0.036) (0.016) (0.028) (0.025) (0.015)
Input tarifft−1 -0.18 -0.24∗ -0.067 -0.28∗ -0.37∗∗ -0.13∗ -0.11 -0.13 -0.0034

(0.11) (0.12) (0.059) (0.16) (0.17) (0.070) (0.093) (0.11) (0.061)
Instr. output tarifft−1 for (A) 0.70∗∗∗ 0.74∗∗∗ 0.67∗∗∗

(0.16) (0.18) (0.15)
Instr. input tarifft−1 for (A) -1.83∗∗∗ -1.76∗∗∗ -1.87∗∗∗

(0.30) (0.35) (0.27)
Instr. output tarifft−1 for (B) 0.39∗∗ 0.24 0.46∗∗∗

(0.15) (0.21) (0.13)
Instr. input tarifft−1 for (B) -1.46∗∗∗ -0.96∗∗ -1.76∗∗∗

(0.32) (0.43) (0.28)
Instr. output tarifft−1 for (C) 0.28∗∗∗ 0.27∗∗∗ 0.28∗∗∗

(0.071) (0.083) (0.067)
Instr. input tarifft−1 for (C) -1.06∗∗∗ -0.95∗∗∗ -1.14∗∗∗

(0.21) (0.24) (0.19)
N 15848 16045 16068 7513 7206 7909 8335 8839 8159
Hansen test p-value 0.55 0.77 0.45 0.49 0.10 0.74 0.19 0.069 0.12
F −stat 19.7 10.2 13.1 15.5 2.82 8.04 24.2 19.9 17.9

The table reports IV regressions of firm productivity (log TFP) on spatially lagged log TFP of neighboring firms. “Spatial lagHigh input” is the weighted average of TFP of input-supplying
firms that have an average TFP above median, where the weights are given by the share of inputs (from the IO matrix). Columns 1 to 3 report the results when using the full sample, columns
4 to 6 (7 to 9) report the results when estimation is done on a subsample of firms with below (above) median TFP (averaged over 1989-1996). TFP (both the dependent variable and spatial
lag) is estimated by the simple Solow Residual (SR) in columns 1, 3 and 7, by an OLS regression with fixed effects (OLS FE) in columns 2, 4 and 8, and by the nonparametric estimator of
Ghandi et al. (2016) (GNR) in columns 3, 5 and 9. All regressions include firm fixed effects and year dummies. Bottom and top one percentile of spatial lag is excluded from the sample. The
reported F −stat corresponds to the first stage F test of excluded instruments. Robust standard errors (clustered by firm and industry-year) are reported in parentheses. Significance: ∗10%,
∗∗5%, ∗∗∗1%.





CHAPTER 4

Imported Input Varieties and Product
Innovation: Evidence From Five Developing

Countries

4.1 Introduction
The development of innovation capacities has been central to growth in devel-
oping countries, where innovation is not just about high-technology. Even in
the early stages of development learning capacities help these countries to catch
up (OECD, 2012). Small incremental innovations that specifically address local
challenges can bring important changes that improve welfare. Understanding
the drivers of firm-level innovation in developing countries is thus of particu-
lar interest. A substantial body of literature has indicated a range of drivers
of innovation, from the level of human capital and financial development in the
economy, to the role of sound industrial policies and institutions. A recent strand
of literature has looked at the role of trade, and in particular the role of imported
intermediate inputs, in promoting product innovations.

Access to foreign intermediates may be an important determinant of firm-level
innovation for a variety of reasons. First, when the imported intermediate in-
put is not available domestically, it allows for the domestic production of better
or new final products. Second, the imported inputs may be of superior qual-
ity which improves the output product’s quality. Finally, foreign inputs can

This chapter is the result of joint work with Gonzague Vannoorenberghe.
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be cheaper or more reliable than the domestic variant, leading to lower costs.
Imported intermediate inputs may therefore be of particular importance to de-
veloping countries whose domestic manufacturing industries are at early stages of
development. Moreover, the definition of innovation used in this chapter is very
broad, namely a new or significantly improved product, where new means, new
to the establishment, and not necessarily, new to the market. Because of this
broad definition, the innovation rate in the sample is fairly high (48%) compared
to for example European rates. A qualitative assessment of the data reveals that
a significant proportion of the innovations are incremental changes to existing
products, and that most of the innovations are new only to the firm.

While existing trade and growth models link the introduction of new inter-
mediate inputs to economic growth through firm-level product innovations, the
empirical literature is scant at best. Several papers have studied the effect of
intermediate input imports on productivity (Amiti and Konings (2007), Şeker
(2012), Vogel and Wagner (2010)), but with the exception of one paper, there
is no evidence on the link between imported inputs and innovation. In their
seminal paper, Goldberg et al. (2010) find that increasing numbers of new input
varieties at the industry level in India between 1989 and 1996 accounts for 31
percent of new products in that same period.

We aim to provide further empirical evidence of the effect of newly imported
input varieties on product innovation in five developing countries (Ghana, Tan-
zania, Kenya, Uganda and Bangladesh). In the baseline regression, we look at
the effect of the number of input varieties imported in a firm’s industry on the
firm’s introduction of an innovative product. In a separate regression, we inter-
act input variety with a firm-level measure of foreign input use. We take a broad
definition of product innovation, which includes incremental changes to existing
products, and define the newness of the product in a local context. We propose
a novel method of combining qualitative and quantitative survey data so that
the product innovation can be classified as input-essential product innovation.
We distinguish input-using innovations (innovations that use new inputs) from
input-essential innovations (of which the new input is a defining or essential fea-
ture). For example, one firm describes a new product as being different from the
most similar product because: “Now [we] use high quality copper and PVP and
earlier [we] did not use improved PVP materials and copper”. Another firm, mak-
ing wooden doors, mentions that: “Earlier [we] used low quality of local wood
and now [we] are using high quality and imported wood”. In these cases, the
new inputs are described as an important feature of the innovation. One of the
main challenges in identifying the effect of increased varieties on innovation is the
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potential for reverse causality and omitted variable bias. A correlation between
imported inputs and innovation can theoretically be driven by both “push” and
“pull” factors. Access to previously unavailable inputs enables or inspires firms
to use the inputs for a product innovation (push factor), whereas an innovation
unrelated to international trade may increase the demand for imported inputs
once the manufacturing of the new or improved product has begun (pull factor).
By ‘previously unavailable inputs’ we mean that one or more input varieties were
initially not imported (either because there was no supply and/or there was no
demand). By ‘having access to previously unavailable inputs’ we therefore mean
that more varieties were imported, which could have been the result of push
or pull events. We are interested in the push effect of increased openness to
trade, and therefore want to rule out the pull factors as they represent endo-
geneity in this case. We pursue a number of endogeneity-robust methods. First,
the concern for reverse causality is mitigated by taking the number of new in-
put varieties prior to the product innovation. Second, we control for a range of
firm-level characteristics that may drive innovation and finally we estimate an
instrumental variable (IV) regression that uses data from similar countries as
well as a measure of import costs based on customs delay as instrument for new
input varieties.

Using a detailed Chinese firm-level export dataset, we supplement our analysis
on imported product varieties from around the world with an investigation of
the effect of Chinese firm-varieties. There are three reasons for doing so. First,
recent studies have found a significant effect of Chinese import competition on
productivity in the European Union (Bloom et al., 2016) and employment in the
United States (Autor et al., 2013), but to the best of our knowledge, we are the
first to study the effect of Chinese import varieties on innovation in developing
countries. Second, the surge in China’s exports represents a clear push factor:
Chinese export growth to the world has been massive and exports to the five
countries considered in this chapter grew even stronger. While it is plausible for
China’s export growth to have primarily been driven by a reduction in global
trade barriers (Autor et al., 2013), we also adopt a method that requires weaker
assumptions using a gravity model of trade. Third, in contrast to the data
on world exports, the Chinese data allows us to define a variety as firm-product
pair, instead of as product-country pair. This firm-product definition of a variety
is closer to the new trade literature following Krugman (1979). Despite these
benefits, we first include a section on world-wide imports, because even though
the internal validity of the results may be higher in the Chinese case, the external
validity may be lower as Chinese exports represent a non-random subset of world
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exports. Specifically, Chinese imports may be of lower quality (Schott, 2008),
but at the same time, they may be of more similar quality and therefore more
suitable to the firms in developing countries.

We find that the number of new varieties of intermediate inputs has a signifi-
cant positive and sizable impact on input-using product innovation. We support
this finding by establishing a link between imported varieties and innovations for
which new inputs are an essential feature. These results are robust to controlling
for the number of new varieties at the output level, which may induce an import
competition effect, as well as to instrumental variable estimations. We show sug-
gestive evidence that this effect comes from access to better quality imports. We
find no robust evidence in favor of a firm-variety channel coming from China.

These insights can be used to inform innovation policy, but may also inform
future micro-level innovation surveys. As opposed to, for example, the roles
of finance, information and markets, the role of intermediate inputs has not re-
ceived sufficient attention in the WS Enterprise Survey (including the Innovation
module), Community Innovation Survey (CIS) and similar firm-level innovation
surveys.

The remainder of the chapter is organized as follows. Section 4.2 provides a
brief overview of the current literature on varieties, imports and innovation. In
Section 4.3, we introduce the data and highlight the importance of new varieties,
and in Section 4.4, we put forward the empirical model. In Sections 4.5 and 4.6
we report the main results and Section 4.7 provides a conclusion.

4.2 Literature
There is a large and growing body of empirical literature on imported inputs
and firm-level outcomes, both in developing and developed economies. Recent
studies document that lower tariffs on imported inputs raise the productivity of
firms in Brazil (Schor, 2004), Indonesia (Amiti and Konings, 2007), and India
(Topalova and Khandelwal, 2011). Halpern et al. (2015) show that imported
inputs account for 22% of productivity growth in Hungary from 1992-2003, and
that this effect is equally driven by the higher quality of imported goods and
by the higher number of imported varieties, which are imperfect substitutes for
domestic inputs. Another strand of the literature explores the effect of imported
intermediate goods on firms’ export scope (Aristei et al., 2013, Bas, 2012, Bas
and Strauss-Kahn, 2014) and export quality (Fan et al., 2015).

This chapter is mostly related to the influential work by Goldberg et al. (2009,
2010). Their approach is based on Romer (1994), who shows that increasing
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openness leads to an expansion in the number of available product varieties,
thereby raising welfare. While the (static) productivity gains from increased
import varieties are well-documented (e.g. Broda and Weinstein (2006), Feenstra
(1994)), evidence on the dynamic gains in the form of new domestic varieties
(or product innovations) is scant at best. Exploiting exogenous variation in
trade liberalization in India between 1989 and 1996, Goldberg et al. (2010) show
that access to new input varieties from abroad increases the domestic product
scope, defined as the number of products produced by a firm. In a related
study, Colantone and Crinò (2014) show that in 25 European countries, a higher
share of newly imported varieties in an industry raises the share of new domestic
products in that industry. The effects appear to work through both a wider as
well as a better set of intermediate inputs, and the new domestic products are
an important source of growth. This chapter differs from these studies in three
ways. First, we use a broader measure of product innovation, which includes
both new and significantly improved products, thereby capturing an additional
margin. Goldberg et al. (2010) count the number of products of a firm, and can
therefore not identify whether a new product replaces an old one. Colantone
and Crinò (2014) on the other hand identify new products as those that are
in a different 8-digit category as the previous ones. Second, using qualitative
survey data, we develop a novel measure of the importance of new inputs for
a firm’s innovation, and show that the effect of imported inputs on innovation
is strongest for such input-essential innovations. To the best of our knowledge,
we are the first to use qualitative data on innovation in this context. Third, we
conduct our analysis for a cross-section of poor countries, giving a broader scope
to our analysis. Finally, we provide suggestive evidence of a quality channel by
using firm-level data on reasons for using foreign inputs from a novel World Bank
survey.

We also relate to the empirical literature on trade and innovation in developing
countries using data from firm-level surveys. These surveys are typically designed
to measure innovation and generally include questions on product and process
innovation, and spending on R&D1. These surveys also collect information on
a range of other firm characteristics such as employment, sales, age, or export
and import behavior2. While panel data is uncommon, these surveys often con-

1These questions are typically along the lines of: ‘During the last three years, did the firm
introduce any new or significantly improved product?’, and ‘During the last three years, did
the firm conduct R&D?’.

2Sometimes this data is collected in a separate survey, but administered to the same set
of a firms so that the information can be linked by a firm id number. This is the case with,
for example, the World Bank Enterprise Survey and the follow-up Innovation Module and
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tain some retrospective questions such that information on multiple years may
be available. Using innovation survey data to study the relationship between
trade and innovation is not new. Alvarez and Robertson (2004) use Chilean
plant-level data from the First Survey of Technological Innovation and Mexican
plant-level data from the National Survey of Employment, Salaries, Technology,
and Training in the Manufacturing Sector. The authors find that exposure to
foreign markets is positively correlated with product innovation, R&D and the
use of new tools. Şeker (2012) uses data from the World Bank Enterprise Survey
from firms in 43 developing countries between 2002 and 2006 to estimate the ef-
fect of trade orientation (exporter, importer or both) on innovation, employment,
sales and labor productivity. His analysis, however, lacks a strong instrument
and can only rely on firm-level controls correlated with both trade orientation
and firm innovation for identification3. Almeida and Fernandes (2008) focus on
the specific technology transfer channel that may affect innovation and find that
process innovation (a new way in which the main product of the firm is pro-
duced) is related to a set of openness indicators. We differ from these studies
by combining firm-level data from the World Bank Enterprise Survey, the sub-
sequent World Bank Innovation Survey and product-level import data from UN
Comtrade. Specifically, the Innovation Survey allows us to use novel qualitative
information on innovations and substantially refine our data.

Finally, we relate to the literature using the dramatic increase in Chinese ex-
ports over the last three decades as a shock to its trade partners. Chinese trade
growth has been shown to have wide economic implications, from increasing un-
employment in the US and Europe (Autor et al., 2013, Bloom et al., 2016), to
spurring technical change and reallocation of employment towards more innova-
tive European firms (Bloom et al., 2016). Schott (2008) argues that developed
countries compete with China by moving up the quality ladder. By assuming
that observed differences in prices reflect differences in quality, he concludes that
Chinese exports are of a lower quality than those from developed countries, a
finding that is supported by Kneller and Yu (2008). To investigate the role of
imports of Chinese varieties on product innovation, we use data on the number
of Chinese firms exporting to the countries in our sample. To our knowledge,
we are the first to use customs data at the firm level to measure import vari-
eties, allowing us to stick much closer to the traditional definition of varieties in
theoretical international trade literature.
Innovation Capabilities Module.

3Although the World Bank surveys are administered to a panel, the panel is very small,
rendering a fixed effect estimation problematic.
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4.3 Data

4.3.1 Firm-level data
Our firm-level data comes from the Enterprise Survey (ES) of the World Bank,
which covers a wide range of business-related topics and has been administered
to 130,000 firms in 135 countries since 2002. The ES has two extra modules: the
Innovation Follow-up Survey (IS) and Innovation Capabilities Survey (IC). The
latter two follow-up surveys were administered on a subsample of the ES firms
and cover the same time-span, so that the information can be merged mean-
ingfully. At the moment, the IC module has been administered to five coun-
tries (Bangladesh, Ghana, Kenya, Uganda and Tanzania) in the latest round in
2012/2013, which covers information from financial years 2009/2010-2011/2012.
Our sample contains 1898 firms, covering 105 industries (four-digit ISIC). While
the ES contains mostly quantitative questions, the IS and IC surveys contain
open-ended questions, in specific to describe the firm’s main innovative product.
As detailed in Section 4.4.2, this information is key to our novel and more precise
measure of firm-level innovation. For these firms, the four-digit ISIC industry is
recorded.

4.3.2 Imports and imported varieties
Product-level import data is obtained from the United Nations Commodity Trade
Database (UN Comtrade). This database provides annual product-level (HS six-
digit) information on trade flows between any country pair. We use the data
as reported by importers on the value (in current dollars) of imports of each
product.

Varieties as product-country pairs

We define a ‘variety’ as a six-digit HS commodity - (origin) country combination
in a given year for a given importing country, while we refer to a six-digit HS
commodity as a ‘product’. In other words, if a country imports a product from
four different countries, we say that it imports four varieties of that product.
Table 4.3.1 below summarizes the total number of varieties per importing country
per year, over the period 2005-2013.

To gauge the importance of new imported varieties against a mere expansion
of import volumes, we decompose total import growth between 2007 and 2009
- two years before the start of the firm’s innovation period - into an intensive
margin (existing product varieties), an extensive product margin (completely new



134 Imported Input Varieties and Product Innovation

Table 4.3.1: Total number of varieties (HS6 - origin country) per year

Country 2005 2006 2007 2008 2009 2010 2011 2012 2013 % growth*

Bangladesh 36117 33904 33915 35755 35413 37081 38342 . . 6.16
Ghana 45637 46612 50005 48042 52946 47161 53916 54313 53520 17.27
Kenya 39396 37719 37867 36654 39277 44888 . . 49153 24.77
Uganda 26075 26218 27921 29600 31320 32486 32381 33595 32290 23.84
Tanzania 37479 37209 36206 39530 41321 41883 47285 47939 47544 26.86

*The growth rate is the total growth over the period 2005-2013, except for Bangladesh where growth is
computed over the period 2005-2011 due to missing data from 2012 and 2013.

products) and an extensive variety margin (new varieties of the same product).
Table 4.3.2 reports the growth share of these three categories (they thus add up
to one).

Table 4.3.2: Share of growth (2007-2009) due to intensive and extensive
margin

Bangladesh Ethiopia Ghana Kenya Uganda Tanzania

(1) Intensive margin 0.80 0.76 1.06 0.80 0.70 0.43
(2) Product ext. margin -0.03 -0.008 -0.04 -0.06 0.002 -0.009
(3) Variety ext. margin 0.23 0.25 -0.02 0.26 0.30 0.58
Table decomposes total import growth into the extensive and intensive margins between 2007 and 2009.
Intensive margin is the contribution to growth due to importing more of already existing varieties, product
extensive margin is the share of total growth due to importing completely new products and the variety
extensive margin is the share due to importing a product from a new source country. Values are in constant
US dollars and are deflated using US wholesale price indices.

Comparing the intensive and extensive margins, in all countries except Tan-
zania, import growth is largely driven by importing more of already existing
varieties (the intensive margin). This is quite different from Goldberg et al.
(2009, 2010), who find that about 35% of growth is due to existing varieties, and
that most growth (65%) is due to new products. Given that they considered
a period in which India opened up significantly, this may not be so surprising.
While there is no or even slightly negative growth in the product extensive mar-
gin in our sample, there is - with the exception of Ghana - considerable growth
in the variety extensive margin. Thus, over this period, more varieties of al-
ready existing products became available to the local economies. This means
that a product was already imported from at least one country, and is now being
imported from more countries.
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Chinese varieties defined at the firm-level

We use Chinese firm-level export transaction data from the Chinese Customs
Trade Statistics (CCTS) Database compiled by the General Administration of
Customs of China, where we exclude non-production firms and middleman com-
panies. This dataset records exports of Chinese firms to all countries in detailed
(HS 8-digit) product categories4. When concentrating on China, we define the
number of imported varieties of a product in a country as the number of Chi-
nese firms selling that product in the country. In contrast to the “Armington”
definition of varieties that we use in the rest of the analysis, using a firm as the
definition of a variety is closer to the new trade literature following Krugman
(1979).

4.4 Empirical strategy

4.4.1 Regression equations
We estimate the following cross-section regression:

INNijc = β0 + β1 ln (NIVjc) + β2IMGjc +Xijcγ + εijc, (4.1)

where the dependent variable is product innovation (INN) between 2009 and
2013 by firm i, in four-digit ISIC industry j in country c. Below, we describe
in greater detail the different measures of innovation that we use. The main
variables of interest are the log of new input varieties (NIV ) in 2009 and the
log change in the value of input imports by the industry (IMG) as defined
below. Xijc is a basic set of controls including dummies for foreign-ownership
and government-ownership, age of the firm, and country and industry dummies.

In a separate regression, we interact input variety with a firm-level measure
of foreign input use, denoted by FI, which is the share of foreign inputs to total
inputs:

INNijc = β0 + β1 ln (NIVjc) + β2FIi + β3 (ln (NIVjc) ∗ FIi) +
+ β4IMGjc +Xijcδ + εijc. (4.2)

4.4.2 Defining product innovation
We use three ways to measure product innovation at firm-level. The first measure
is product innovation (“Innovation”), a dummy variable that equals one if the

4We use the most detailed data available, which, in the case of Chinese Customs data, is
eight-digit, whereas the Comtrade data is only available at the six-digit level.
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firm introduced any innovative product, and zero otherwise5. Second, to check
the role of inputs in innovation, we define the variable input-using innovation
(“input-using innovation”) which takes a value of one if the firm reports that
the main innovative product uses different inputs than products it was already
producing, and zero if it either did not use different inputs or did not innovate
at all. Of all innovating firms, 58% report the use of different inputs for their
main innovation, so new inputs appear as an important feature of innovation.
Finally, we go one step beyond the self-reported use of new inputs and define a
new variable that captures whether one or more new inputs are essential to the
product innovation (“input-essential innovation”). This variable takes a value of
one if using new inputs is essential to the innovation and zero if no innovative
products were introduced or if new inputs were not essential. To classify an inno-
vation as input-essential, we examine the firm’s description of its main product
innovation and look for a reference to the use of a particular (material) input.
We find that 38% of the product innovating firms with non-missing descriptions
describe the use of a (new) input for their product innovation. Consider, for
example, a firm describing its main innovative product as a toothpaste that uses
new chemicals compared to the previous toothpaste it produced. This answer
suggests that the use of a new input is at the core of the innovation and we define
it as an “input-essential innovation”. Under this definition, not all input-using
innovations are input-essential innovation. The underlying assumption behind
this method is that if an input is (not) mentioned in the innovation’s description,
it is (not) an essential feature of the innovation. While this method depends on
the subjective perception of the respondent, the answers from firms are the best
large-scale proxy for the importance of inputs for innovations that we can obtain
in developing countries. Section 4.B in the Appendix outlines the procedure for
computing this new variable in more detail.

4.4.3 Measuring input varieties
Using UN Comtrade import data, for each importing country (c) we calculate
the number of trading partners (x) per six-digit (HS) commodity code (product)
(h) in a given year (t) as well as the total imports per product Mh,c,t. In our
baseline estimates, we define a ‘new’ variety in 2009 as a variety that is imported
in 2009 but was not imported in 2008. We show in the Appendix 4.G.1 that
using different lags (e.g. defining varieties as imported in 2009 but not in 2007)

5It is the self-reported answer to the question: ‘From fiscal year 2010 to 2012, did this
establishment introduce any innovative product or service?’, where “innovative” is explicitly
defined as “new or significantly improved”, and ‘new’ can be new to the firm.
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yields similar results, as well as using 2010 or 2008 instead of 2009 as the base
year6. We denote this number of new varieties in product code h imported by
country c in year t as Vh,c,t. Given the measure of new varieties at the product-
level we generate a measure of input varieties at the industry-level. First, we
aggregate from six-digit product-level to two-digit (input) industry level (k) so
that we obtain Vk,c,t and Mk,c,t. This level of aggregation is due to (low) level of
aggregation of the IO matrix. Using the Input-Output (IO) table we construct
the following measure of new input varieties:

NIVj,c,t =
∑
k

(αj,k · Vk,c,t), (4.3)

where αj,k is the share of input k (as a fraction of total inputs) used by industry
j. Similarly, we compute a measure of total imports of the industries supplying
inputs to industry j as:

IMj,c,t =
∑
k

(αj,k ·Mk,c,t). (4.4)

We take the Indian IO matrix for all countries and it is therefore constant
across time and space. Because the IO matrix is not available for all countries in
our sample, we employ the commonly used Indian IO matrix. Moreover, taking
one IO matrix for all countries ensures that the within-industry (across country)
variation in imported varieties stems from trade differences only and not from
differences in IO coefficients. While large differences in the true (unknown) IO-
coefficients may be a concern in theory, di Giovanni and Levchenko (2010) find
reassuring evidence that the IO matrices of 55 OECD and non-OECD countries
are quite similar across countries.

The growth of imported inputs in (4.1) is equal to ln(IMj,c,t)− ln(IMj,c,t−1).
We control for the growth in imported inputs so that the number of newly im-
ported inputs - an extensive margin variety effect - can be differentiated from
an intensive margin effect. The full list of variables, their description and data
source can be found in Table 4.C.1 in Appendix 4.C.

4.4.4 Endogeneity
A concern in our estimation of regression equation (4.1) is that imported vari-
eties may be correlated with unobservables, in particular industry-specific import
demand shocks. Supposing, for example, that producers develop product inno-
vations in response to a domestic demand shock and that these new or improved

6The robustness of our results to using pre-crisis years only for international trade is, in
that sense, reassuring.
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products require more imported varieties. Also, the estimation may suffer from
reverse causality bias if innovative firms are more likely to import intermediate
inputs. While there is no empirical evidence linking innovation to importing,
previous research has found that productive firms are more likely to export (see
for example Alvarez and Lopez (2005), Aw et al. (2000), Bernard and Jensen
(1999), Damijan and Kostevc (2015), Şeker (2012), Wakelin (1998)), and thus
the decision to innovate and the decision to import may be correlated as well.
In both cases, the OLS estimate of the effect of imported varieties on innovation
may be biased upward.

We pursue a number of strategies to identify the causal effect of industry-
level import varieties on firm-level product innovation. First, we control for a
number of variables that are potentially correlated with both imported varieties
and innovation, including firm size (employment), sales, productivity, and the
degree of competition, following for example Almeida and Fernandes (2008) and
Alvarez and Robertson (2004).

Second, we exploit time variation in the trade data. While the innovation data
is a cross-section of firms, we measure the number of newly imported varieties
at the beginning of the innovation period. These varieties that were previously
unavailable make the development of new product innovations feasible. More-
over, given that it may take some time between availability of the input and the
realization of the product innovation, the relevant measure of imported variates
is at the start of the innovation period. A threat to this strategy is that both
innovation and imported input varieties may be correlated over time.

Therefore, our third strategy is an instrumental variables (IV) estimation
that accounts for the potential endogeneity of imported varieties. To isolate the
supply-driven component of imported varieties, we instrument for the number
of new input varieties in industry k in country c using the number of new input
varieties in industry k in a similar country s. We define country s as most similar
to country c if its ranking on the Global Competitiveness Index (GCI) is closest
to country c’s ranking within its geographical region (South Asia for Bangladesh;
Sub-Saharan Africa for Kenya, Tanzania, Uganda and Ghana). The Global Com-
petitiveness Report is published by the World Economic Forum every year and
ranks countries based on their competitiveness, which is defined as “the set of
institutions, policies, and factors that determine the level of productivity of a
country”(Schwab and Porter, 2008, pp.3). The GCI is a composite measure of a
large set of indicators covering 12 different topics (‘pillars’) that include amongst
others institutions, macroeconomic stability, eduction, financial markets, and in-
novation. Due to the similarity in economic structure, we expect the number of
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imported varieties at the industry level in similar countries to be correlated with
the number of imported varieties in our sample countries7. While these paired
countries may be different in many respects, their similarity in competitiveness
as measured by similarity in institutions and policies that affect productivity
is an important reason why we expect the number of imported varieties to be
similar across industries as well. The IV strategy will produce an unbiased coeffi-
cient estimate of the effect of imported varieties if the common between-industry
variation of new imported varieties is driven by exogenous factors, such as falling
trade costs and rising comparative advantage of the exporting countries. This
strategy may fail if industry product demand shocks are correlated across similar
countries. A decline in demand in an industry in country c may, through trade,
directly affect industry demand the same industry in a similar country which
in turn affects imports in both countries. Alternatively, the industries in these
countries may be subject to the same external demand shock. In both cases, the
exclusion restriction is violated and the IV estimates are again biased. There-
fore, we propose an alternative instrument that is based on the costs to import
at the industry-country level. Variation in import costs has been identified as
an exogenous and relevant source of variation in the import of new intermediate
inputs. Whereas Goldberg et al. (2010) exploit exogenously imposed changes in
import tariffs, Colantone and Crinò (2014) use transportation costs which vary
both over time (oil prices) and across industries (weight). We use the number
of days it takes to clear inputs through customs in industry j in country i (cus-
toms delay) as an instrument for new import varieties. An efficient and speedy
customs clearing process should ease trade and increase the number of newly
imported intermediate inputs.

4.4.5 Chinese varieties
The large increase in Chinese exports in the past few decades has had a signif-
icant impact on productivity in the European Union (Bloom et al., 2016) and
employment in the United States (Autor et al., 2013). Compared to 2005, the
Chinese have supplied an increasing share of total import varieties and in all our
sample countries, China ranks first or second as variety supplier (see Appendix
4.E for an overview of the main import partners per country). Nevertheless,
there exists little empirical evidence on the effect of Chinese exports on the per-
formance of domestic firms in developing countries. This research aims to fill

7The paired countries are: Senegal, Ethiopia, Zambia, Cameroon and Pakistan for Kenya,
Uganda, Ghana, Tanzania and Bangladesh, respectively.
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this gap.
In addition to being an interesting case to study, the recent surge in China’s

export is likely to represent a clear ‘push’ factor, allowing us to isolate the effect
of trade liberalization from ‘pull’ factors, such as increased domestic demand.
The integration of China in the global economy in the 2000’s has been a striking
phenomenon, with a wide array of consequences for many countries. Figure
4.1 shows the growth of Chinese exports to the world and to the five countries
considered in this chapter, where we normalize the 2004 value to 100. We also
report the growth of the number of exporting firms to the world and to our five
countries. While Chinese export growth to the world has been massive, exports
to the 5 countries considered in this chapter grew even more strongly, by a factor
10, from 2004 to 2012. This growth came hand in hand with a large expansion
of the number of Chinese firms exporting to the world and to the 5 countries in
our analysis8.

Figure 4.1: Expansion of Chinese trade to the world and to the 5 coun-
tries. Each series is normalized to 100 in 2004. Source:
CCTS.

8The jump in 2006 may partly be an artifact of the Chinese Customs data, which seems to
undergo a structural break between 2006 and 2007. For example, the total value of exports
when adding firm-level CCTS data is smaller than the value of exports in COMTRADE before
2006 but is exactly in line from 2007 onwards. We use the 2007-2009 changes in our analysis
to avoid the results being driven by the 2006-2007 change but the analysis is robust to using
2005-2009.
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Furthermore, as stated in Section 4.3.2, the Chinese dataset is sufficiently
detailed to allow us to define the number of imported varieties of a product in
a country as the number of Chinese firms selling that product in the country.
We thus examine the effect of the number of Chinese firm varieties (where a
variety is a firm supplying a product) on innovation. Despite the plausibility
that China’s export growth was primarily driven by a reduction in global trade
barriers (Autor et al., 2013), the regression may still be prone to the endogeneity
concerns explained in Section 4.4.4. To estimate the causal effect, we run two
IV regressions. First, we use the number of Chinese input varieties in industry k
in a similar country s as instrumental variable. Second, we compute a measure
of Chinese export supply capability using a method developed by Autor et al.
(2013). By estimating a gravity equation of relative export which differences out
import demand in the importing country, we can isolate the variation in exports
due to comparative advantage and trade-cost differences. Because concerns about
supply shocks in the importing country cannot be ruled out, we estimate the
Chinese export supply capability vis-à-vis the USA and interact the change in
this measure with the country (c) - industry (j) share of Chinese imports. The
details of this method are described in described in Appendix 4.F.

4.4.6 Summary statistics
Table 4.4.1 below provides some summary statistics on the innovation variables
and new input varieties in 2009. About half of the firms in our sample introduced
a product innovation, which is double the average for European countries of 23.7
percent (EU-28; or 26.9% in EU-15) in 20129. Finding higher propensities to
innovate in developing countries is not uncommon. For example, Almeida and
Fernandes (2008) find a difference of 20 percentage points between the percentage
of innovative firms in 47 developing countries (using data from the World Bank
Investment Climate Surveys) and that in European countries. A possible reason
for this difference is the relative size of different industries with different propen-
sities to innovate10, although the most likely cause is a different interpretation
of what is ‘new’ or ‘significantly’ improved. There is considerable variation in
input varieties in 2009, and about one-third of the firms uses at least some in-
puts of foreign origin in their production process, and a quarter directly imports
materials or supplies.

9Calculated using data from the European Community Innovation Survey 2012, accessed
through Eurostat.

10Tables 4.D.1 to 4.D.3 in Appendix 4.D show the number of innovating and non-innovating
firms per ISIC sector and country for each of the three definitions of innovation.
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Table 4.4.1: Summary statistics

Variable Mean St.Dev. Min Max N

Product innovation 0.48 0.5 0 1 1895
New input product innovation 0.28 0.45 0 1 1888
Input-essential product innovation 0.13 0.34 0 1 1537
New input varieties 2009 143.67 67.39 41.67 401.43 1893
Import growth of inputs 2009 -0.13 0.17 -1.52 0.26 1893
Import growth of output 2009 -0.1 0.51 -2.63 2.25 1862
Customs delay 16.23 14.8 1 120 1467
Share of inputs of foreign origin 0.31 0.37 0 1 1813
Direct importer 0.25 0.43 0 1 1868
Details on the variable description and data sources are in Appendix 4.C.

4.5 Empirical results

4.5.1 Ordinary least squares
Effect of input variety on innovation

This section reports the results of regressing innovation between 2009-2012 on
the log of the number of new input varieties on product innovation. A variety
is defined as a country-product pair and a new variety is defined as one that is
imported in the current year while not in the previous year. We take the number
of new input varieties in 2009 (not imported in 2008), i.e. at the beginning of the
innovation period, as the independent variable in order to reduce the potential
for a reverse effect of product innovation on imported inputs. The dependent
variables are innovation, new input innovation, and input-essential innovation.
All regressions include four-digit industry dummies, country dummies, three size
dummies based on employment (medium size is the omitted variable), a dummy
for foreign-owned, a dummy for government-owned and age in years. We first
report the results of the Ordinary Least Squares (OLS) regression in Table 4.5.1.
While the outcome variable is dichotomous, we find very similar estimates of the
marginal effect when estimating a probit model (reported in Appendix 4.G.2).
The regression coefficients in the odd columns suggest that, as expected, im-
ported varieties have a positive and significant effect on product innovations,
but only for those innovations that use new inputs. The effect is significantly
different from zero and not unsubstantial: a 47 percent increase in the number of
input varieties from the mean, corresponding to the standard deviation of 67.39
varieties, raises the probability of an innovation by about 2.7 percentage points
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(47·0.57
100 ). The (unreported) share of variance explained by the log of new input

varieties is very small: in column 5 for example, the variable explains close to one
percent of the variation. The import growth of inputs is included to control for
an intensive margin effect. The number of new varieties may well be correlated
with a general increase in imports, and we want to isolate the effect of variety
expansion. Import growth of imports enters significantly with a negative sign
in the regression with innovation and new input innovation. Out of the other
control variables, ownership and age are never significant, while the coefficient
for foreign firms is negative and the coefficient on government-owned is positive.
The variable age enters negatively, but the effect is not significantly different
from zero.

One interpretation of “input-essential innovations” is that one very specific
input variety is necessary, and having access to many varieties is irrelevant since
the innovation requires only that one particular input. Then it is not the number
of varieties that matters, but rather the availability of a single specific input.
However, having access to that necessary input variety could very well be affected
by the number of varieties imported: the more varieties imported, the larger the
chance that a particular variety is imported. A more likely interpretation of the
positive effect of input varieties on input-essential innovation is that having more
varieties to choose from induces or inspires innovation. Considering the example
in the Introduction where the firm replaced a local wood type of low quality
with a higher quality imported type of wood: once the foreign wood is imported
and available on the local market, the firm observes this and realizes that it has
the ability to improve the quality of its product (innovate) by using the better
quality wood instead of the lower quality domestic wood.

The even columns show the results of the regression when controlling for the
number of new output varieties, as this may be correlated with the number of
input varieties as well as innovation through an import-competition effect. In
other words, as trade openness leads to more or better inputs for a company
to use in its production, the company’s output (product) may be subject to
more competition now that more varieties of the output product are available
on the domestic market. In this way, increasing openness to foreign trade can
have an indirect effect on innovation in addition to the effect through imported
intermediate inputs. While the former (indirect) effect is interesting, this chapter
concerns the latter (direct) effect. We control for the number of new output
varieties because it might bias the coefficient of new input varieties. While the
coefficient on output variety is not significantly different from zero, including it
in the regression renders the effect of input variates on new input innovation
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insignificant; but the effect on input-essential innovation remains significant and
strong.

The results are robust to taking years 2008 or 2010 instead, and to defining
a new variety in 2009 as a variety that was not imported in 2007 (instead of
2008) (see 4.G.1). Moreover, the results in columns 3-5 in Table 4.G.2 show
that input-inessential innovations - product innovations for which new inputs
was not essential - are negatively affected by new input varieties, although the
effect is not significantly different from zero11. Nevertheless, since we do not find
an effect on (total) product innovation, the input essential innovations seems to
come at the cost of other types of innovation, and the non-significant effect on
input-inessential innovations may be explained by the smaller sample size.

Because we aggregate the measure of new varieties from product to industry
level, the number of new varieties depends, in part, on the number of 6-digit
HS products that correspond to the IO category. Compare, for example, IO
category 56 (‘Rubber products’) which has 515 products, to IO category 59
(‘Coal tar products’) which has 18 products. To control for this, we construct a
new measure, called ‘Log weighted new input varieties’ which divides the number
of new varieties per IO by the number of 6-digit HS products (Nj) in that IO
before the input variety measure is constructed:

NIVW
j,c,t =

∑
k

(
αj,k ·

Vk,c,t
Nj

)
. (4.5)

Table 4.5.2 reports the results using this measure. The effect of new input
varieties on input-essential innovation remains significant and strong.

Interactions

Table 4.5.3 reports the regression results of Eq. 4.2, which includes an interaction
term of input variety and a measure of access to foreign inputs. Foreign input
share is the share of foreign inputs in the firm’s total inputs. The same controls
as in Tables 4.5.1 and 4.5.2 are included, but not reported for the sake of brevity,
given that their coefficients are of similar size and sign as in the previous Tables.
The effect of new input varieties remains significant and the interaction term is
positive for input-essential innovation, but not significantly different from zero.
We thus find no evidence that firms using foreign inputs innovate more because
of access to new input varieties, but rather that all firms benefit from increased
foreign input variety. One potential explanation may be that firms do not know

11Due to missing data in the innovation’s description, the sample of input-essential innovation
is smaller than the other samples.
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Table 4.5.1: Estimation results: Product innovation between 2009-
2012 (I)

Innovation New input
innovation

Input-
essential
innovation

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

Log new input varieties 0.28 0.29 0.57∗∗ 0.47∗ 0.57∗∗∗ 0.49∗∗∗

(0.19) (0.25) (0.23) (0.28) (0.14) (0.15)

Import growth of inputs -0.19∗ -0.22∗ -0.32∗∗ -0.45∗∗∗ 0.041 0.030
(0.10) (0.11) (0.13) (0.13) (0.080) (0.092)

Log new output varieties 0.0040 0.040 0.038
(0.052) (0.053) (0.030)

Import growth of output 0.030 0.055∗∗ 0.0056
(0.025) (0.028) (0.020)

Small -0.017 -0.016 -0.024 -0.022 -0.038∗ -0.042∗∗

(0.027) (0.028) (0.025) (0.025) (0.021) (0.020)

Large 0.058 0.056 0.073∗ 0.077∗ -0.020 -0.023
(0.036) (0.037) (0.040) (0.042) (0.033) (0.033)

Foreign owned -0.028 -0.024 -0.050 -0.050 -0.011 -0.012
(0.036) (0.036) (0.034) (0.034) (0.033) (0.033)

Government owned 0.043 0.052 0.21 0.23 0.13 0.14
(0.16) (0.16) (0.15) (0.15) (0.14) (0.14)

Age -0.001 -0.0008 -0.0005 -0.0003 -0.0004 -0.0003
(0.00085) (0.00086) (0.00074) (0.00074) (0.00066) (0.00067)

N 1837 1806 1830 1799 1485 1461
The table reports OLS regressions of innovation (innovation, new input innovation or input-essential innova-
tion) between 2009-2012 on log new input varieties, import growth of inputs, log new output varieties and
import growth of output in 2009. All regressions include country dummies and four-digit industry dummies.
Small is a dummy that equals one if the firm has between 5 and 19 employees, large is a dummy that equals
one if the firm has more than 100 employees. The omitted category is medium, a dummy that equals one if
the firm has between 20 and 99 employees. The sample does not contain micro firms (less than 5 employees).
Robust standard errors (clustered by 4-digit-industry-country) are reported in parentheses. Significance:
∗10%, ∗∗5%, ∗∗∗1%.
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Table 4.5.2: Estimation results: Product innovation between 2009-
2012 (II)

Innovation New input
innovation

Input-
essential
innovation

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

Log new input varieties 0.031 -0.015 0.26 0.057 0.40∗∗∗ 0.27∗

weighted by HS products (0.18) (0.21) (0.23) (0.23) (0.14) (0.16)

Import growth of inputs 0.029 0.033 -0.0085 -0.013 0.055∗ 0.057∗

weighted by HS products (0.042) (0.045) (0.047) (0.051) (0.031) (0.033)

Log new output varieties 0.047 0.098∗ 0.064∗

weighted by HS products (0.051) (0.056) (0.035)

Import growth of output -0.0035 0.0030 -0.0052
weighted by HS products (0.023) (0.026) (0.019)

Small -0.021 -0.019 -0.028 -0.026 -0.038∗ -0.042∗∗

(0.028) (0.028) (0.025) (0.025) (0.021) (0.020)

Large 0.057 0.059 0.071∗ 0.083∗∗ -0.025 -0.025
(0.036) (0.037) (0.041) (0.041) (0.033) (0.033)

Foreign owned -0.024 -0.020 -0.045 -0.045 -0.013 -0.014
(0.035) (0.036) (0.035) (0.035) (0.033) (0.033)

Government owned 0.028 0.041 0.19 0.21 0.12 0.14
(0.16) (0.16) (0.15) (0.15) (0.13) (0.14)

Age -0.001 -0.001 -0.0007 -0.0005 -0.0004 -0.0003
(0.00085) (0.00085) (0.00073) (0.00073) (0.00066) (0.00067)

N 1837 1806 1830 1799 1485 1461
The table reports OLS regressions of innovation (innovation, new input innovation or input-essential innova-
tion) between 2009-2012 on new input varieties in 2009, import growth of inputs, log new output varieties and
import growth of output, where all variables are weighted by HS products. All regressions include country
dummies and four-digit industry dummies. Small is a dummy that equals one if the firm has between 5 and 19
employees, large is a dummy that equals one if the firm has more than 100 employees. The omitted category
is medium, a dummy that equals one if the firm has between 20 and 99 employees. The sample does not
contain micro firms (less than 5 employees). Robust standard errors (clustered by 4-digit-industry-country)
are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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the origin of their inputs and therefore misreport the use of foreign inputs, caus-
ing a negative bias due to measurement error. It is not unlikely that firms buy
their foreign inputs on the domestic market from an importer, making is difficult
for the input-using firm to know the origin of the input. Moreover, the share of
foreign inputs may not capture the importance of the input for the innovation if
it represents only a small fraction of all inputs used. This may hold especially
true for firms with multiple products. Another potential explanation could be
that the effect of foreign input varieties on innovation runs mainly through an
effect on domestic inputs caused by increased competition from foreign input
suppliers, inducing domestic input producers to produce better of different in-
termediate inputs. While the output variety coefficient (which could drive this
effect) was positive but insignificant in Table 4.5.2, the growth of output en-
ters significantly in the fourth column, providing some evidence in favor of this
channel. Unfortunately, the data does not allow us to further investigate what
explains the insignificant interaction effect.

The interaction term remains insignificant if the measure of foreign exposure
is instead a dummy for direct exporter, or if four-digit industry-country dummies
are included, in which case the input variety effect itself cannot be estimated due
to collinearity, but the interaction term remains insignificant12.

Channel

To get a better understanding of the channel through which new varieties may
positively affect product innovation, we use data from the World Bank Enterprise
Innovation Capabilities survey, which asks firms that use foreign inputs why these
inputs were sourced abroad rather than domestically. Based on this information
we create four dummy variables that equal one if the firm finds the following
reasons important; in their respective order, these are: (1) there are no domestic
suppliers, (2) similar domestic inputs are more expensive, (3) similar domestic
inputs are of poor quality, (4) similar domestic inputs are too unreliable. These
reasons are not mutually exclusive. The variables equal zero if the reason was
deemed moderately important or not important. Summary statistics on these
four dummy variables are reported in Table 4.5.4 below. Almost half of the firms
indicate availability as an important reason; and one third of the firms deems the
other three reasons important. Note that the capability survey is administered
to a subset of the WB Innovation Survey sample (which itself is a subset of the
World Bank Enterprise Survey), and that this question is only answered by firms

12For the sake of brevity, these results are not reported but are available upon request.



148 Imported Input Varieties and Product Innovation

Table 4.5.3: Estimation results - Interacting new varieties and access
to foreign inputs

Innovation New input
innovation

Input-
essential
innovation

Log new input varieties 0.31 0.70∗∗∗ 0.56∗∗∗

(0.21) (0.25) (0.15)

Import growth of inputs -0.19 -0.31∗∗ 0.053
(0.12) (0.14) (0.088)

Foreign input share 0.18 0.33 -0.20
(0.44) (0.38) (0.32)

(Log new input varieties * -0.042 -0.060 0.037
Foreign input share ) (0.090) (0.078) (0.063)

(Import growth of inputs * -0.027 -0.10 -0.079
Foreign input share ) (0.25) (0.21) (0.15)
N 1770 1763 1427

The table reports OLS regressions of innovation (innovation, new input innovation
or input-essential innovation) on log new input varieties, and log new input varieties
interacted with foreign input share. All regressions include country dummies, four-digit
industry dummies, three size dummies, dummies for government and foreign ownership
and age. Robust standard errors (clustered by 4-digit-industry-country) are reported
in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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that use raw materials of foreign origin (71% of the sample, 821 firms). Moreover,
the reasons for importing are not mutually exclusive: firms can report more than
one reason13.

Table 4.5.4: Reasons for importing inputs (not mutually exclusive)

Variable Mean Std. Dev. Min. Max. N
Domestic input not available 0.47 0.5 0 1 820
Domestic input more expensive 0.35 0.48 0 1 821
Domestic input of poor quality 0.33 0.47 0 1 820
Domestic input unreliable 0.3 0.46 0 1 820

Table 4.5.5 reports the results of a regression with innovation (yes/no) as the
dependent variable and the four reasons for importing on the right-hand side.
We use the same controls and fixed effects as in the previous regressions. We find
that, for new input innovation and input-essential innovation, the quality reason
is significant. These findings are in line with the observed increase in the variety
extensive margin in Table 4.3.2 in Section 4.3.2, where most of the increase in
new varieties was found to stem from importing more varieties of already existing
products.

Additional controls

Next, we control for a number of variables that are potentially correlated with
both imported varieties and innovation, including firm size (employment), sales,
productivity, and degree of competition. The level of competition is captured by
three dummies (weak, medium and strong, for 0-5, 6-20 or more than 20 com-
petitors, respectively) and the missing category is medium. Labor productivity
is the log of real sales over employment in 2009, and mean labor productivity is
industry-country mean labor productivity in 2009. The coefficient for Log new
input varieties remains significant and stable around 0.5-0.6.

13Even the category ‘not available’ is not mutually exclusive, because a firm can import more
than one input.
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Table 4.5.5: Estimation results - Reasons for using foreign inputs

(1) (2) (3)
Innovation New input

innovation
Input-
essential
innovation

Poor quality domestically 0.028 0.069∗ 0.090∗∗

(0.040) (0.041) (0.035)

Not available domestically -0.050 0.0093 -0.021
(0.033) (0.034) (0.027)

More expensive domestically -0.025 -0.037 -0.035
(0.040) (0.036) (0.026)

Unreliable domestically 0.0021 -0.012 -0.013
(0.036) (0.036) (0.030)

N 788 786 622

The table reports OLS regressions of innovation (innovation, new input innovation
or input-essential innovation) between 2009-2012 on reason to use foreign rather than
domestic inputs. All regressions include country dummies, four-digit industry dummies,
three size dummies, dummies for government and foreign ownership and age. Robust
standard errors (clustered by 4-digit-industry-country) are reported in parentheses.
Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Table 4.5.6: Estimation results - Additional controls

(1) (2) (3) (4) (5) (6)
New input
innovation

Input-
essential
innovation

New input
innovation

Input-
essential
innovation

New input
innovation

Input-
essential
innovation

Log new input varieties 0.68∗∗ 0.64∗∗∗ 0.54∗ 0.66∗∗∗ 0.52∗ 0.61∗∗∗

(0.28) (0.18) (0.31) (0.18) (0.31) (0.18)

Import growth of inputs -0.42∗∗ -0.041 -0.30 -0.025 -0.30 -0.046
(0.18) (0.11) (0.20) (0.11) (0.20) (0.10)

Weak competition -0.016 -0.00066 0.042 0.014 0.040 0.010
(0.049) (0.040) (0.058) (0.043) (0.058) (0.044)

Strong competition -0.015 0.021 0.017 0.055 0.016 0.051
(0.040) (0.032) (0.047) (0.034) (0.047) (0.034)

Labor productivity -0.0063 0.0067 -0.0036 0.012
(0.0093) (0.0081) (0.011) (0.0091)

Mean labor productivity -0.013 -0.029∗

(0.022) (0.015)

N 1372 1101 1082 843 1082 843
The table reports OLS regressions of innovation (innovation, new input innovation or input-essential innovation) between 2009-2010
on log new input varieties in 2009 and additional controls competition and labor productivity in 2009. All regressions include country
dummies, four-digit industry dummies, three size dummies, dummies for government and foreign ownership and age. Robust standard
errors (clustered by 4-digit-industry-country) are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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4.5.2 Instrumental variables
Import varieties in a similar country’s industry as instrument

While using a lagged measure of input variates and controlling for a number of
observed firm and industry characteristics may alleviate endogeneity concerns,
the OLS coefficient estimates for imported input varieties may be still be biased
if there is unobserved heterogeneity. This section reports the results of the IV
estimation using the number of new input varieties in the same industry of a
similar country as instrument. The results are reported in columns 1-3 in Table
4.5.7 on p. 155. The instrument is sufficiently strong as indicated by a high
Kleibergen-Paap rk Wald F statistic (F-stat), which is larger than the commonly
used rule of thumb value of 10, and the second-stage coefficient estimates are in
line with the OLS results in Table 4.5.1.

Customs delay as instrument

While the instrument based on varieties in the same industry in a similar country
was found to be a sufficiently strong instrument, the exclusion restriction may fail
if these similar industries are prone to the same shocks. Therefore, we propose
an alternative instrument that is based on the costs to import at the industry-
country level. Variation in import costs has been identified as an exogenous and
relevant source of variation in the import of new intermediate inputs. For exam-
ple, Goldberg et al. (2010) use import tariffs and Colantone and Crinò (2014) use
transportation costs based on oil prices and weight of the inputs. We compute
the number of days it takes to clear inputs through customs as an instrument
for the number of newly imported varieties. An efficient and speedy customs
clearing process should ease trade and increase imports of new intermediate in-
puts. Hummels and Schaur (2013) estimate the effect of a day in transit to be
comparable to an ad-valorem tariff of 2.1 percent. Both risk management sys-
tems and the physical time to inspect products differ along products. Whereas
some products are relatively easy to inspect by having a quick look in a box
or container, others may require more extensive laboratory testing (Fernandes
et al., 2015). Differences in institutions drive both variation between countries
(within industries), as well as within countries (between industries) as not only
customs, but many other government agencies including health, standards and
environment are involved in trade regulation. In some countries, there can be
up to 30 government agencies involved in the cross-border movement of goods
(Choi, 2001). The total customs clearance process, meaning the time between
a good’s entry into the country and when the good can be claimed by the firm,
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thus depends on the efficiency at each of the product’s relevant agencies. We
use the data from the WB enterprise survey to calculate an industry-country
measure of customs clearance days. Specifically, question D.3 in the WB ES
reads “In the last fiscal year, when this establishment imported inputs or sup-
plies, how many days did it take on average from the time these goods arrived
to their point of entry (e.g. port, airport) until the time these goods could be
claimed from customs?”. For each industry-country pair, we compute the average
number of customs clearance days and we use the log of the number of customs
delay (log customs delay) as an instrument for log new input varieties. There is
considerable variation in days in customs, ranging from 2 to 42.2 days (excluding
bottom and top 5%), with a mean of 16.2 days and a standard deviation of 14.8
days. An analysis of the variance indicates that about two-thirds of the variation
comes from differences within countries (across industries), and the remainder
stems from between country differences (within industries). A potential concern
is that the industry characteristics that are important for innovation also affect
the efficiency at customs and other relevant government agencies. Speeding up
customs time may be part of government policy to stimulate or maintain output
in specific sectors, which could be in the form of protecting productive and in-
novative sectors or, alternatively, helping less productive industries. Conversely,
productive and powerful sectors may effectively lobby for efficient import pro-
cesses. We control for this by including an industry measure of labor productivity
in 2009. The results are in columns 4-6 in Table 4.5.7. As expected, the num-
ber of days in customs negatively affects the number of new varieties imported.
The instrument’s F-statistic is close to the rule of thumb of 10. The effect of
newly imported inputs on new-input innovation and input-essential innovation
is greater than previously estimated and remains significant.

We perform two additional robustness exercises, of which the results are in
Appendix 4.G.4. First, instead of taking a four-digit industry-country measure
of customs delay, we take the industries at the two-digit levels. The effect of
newly imported varieties on new input innovation is similar in size and remains
significant, while the effect on input-essential innovation is non-significant. The
low F-stat (close to 3) in the first-stage, driven by the less precise measure of
customs delay, however, indicates that the second stage results can be biased and
may suffer from large standard errors. Second, to reduce endogeneity in the self-
reported customs delay measure, we restrict the sample to non-direct importers
only. While these firms do not import intermediate goods directly from abroad,
they may benefit from a larger pool of foreign inputs that are imported by other
firms and resold on the domestic market. Here, too, the effect of newly imported
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varieties on new input innovation remains significant.
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Table 4.5.7: Estimation results - Instrumental variables estimation (I)

Inputs in similar country Customs delay

(1) (2) (3) (4) (5) (6)
Innovation New input

innovation
Input-essential
innovation

Innovation New input
innovation

Input-essential
innovation

Panel A: Second stage
Log new input varieties 0.60 0.39 0.49∗∗ 0.54 1.56∗∗ 0.81∗

(0.41) (0.41) (0.21) (0.77) (0.66) (0.45)

Panel B: First stage Input Varieties
Log new input varieties 0.47∗∗∗ 0.46∗∗∗ 0.46∗∗∗

in similar Country (0.064) (0.063) (0.065)

Log customs delay -0.031∗∗∗ -0.031∗∗∗ -0.028∗∗∗

(0.0097) (0.0096) (0.0098)

Small -0.0045 -0.0046 -0.0050 -0.0094∗ -0.0094∗ -0.0096∗

(0.0048) (0.0049) (0.0055) (0.0048) (0.0050) (0.0053)

Large -0.0057 -0.0058 -0.0063 -0.0019 -0.0020 -0.0040
(0.0053) (0.0053) (0.0055) (0.0050) (0.0051) (0.0048)

Foreign owned -0.0051 -0.0042 -0.0078 -0.0020 -0.0012 -0.0046
(0.0045) (0.0047) (0.0051) (0.0055) (0.0057) (0.0059)

Government owned -0.037 -0.039 -0.050 -0.023 -0.024 -0.038
(0.024) (0.025) (0.033) (0.018) (0.019) (0.027)

Age -0.00013 -0.00012 -0.00014 -0.0002∗ -0.0002∗ -0.0002∗

(0.00011) (0.00010) (0.00010) (0.00011) (0.00010) (0.00010)

N 1837 1830 1485 1418 1412 1136
F-stat 53.7 54.4 49.6 10.2 10.2 8.42

The table reports IV regressions of innovation (innovation, new input innovation or input-essential innovation) between 2009-2012 on log new input
varieties in 2009. In columns 1-3, the instrument is log new input varieties in the same industry in a similar country (see Section 4.4.4 for the similar
countries) and in columns 4-6, the instrument is log customs delay, which is the number of days an input is kept in customs. All regressions include
country dummies, four-digit industry dummies and the industry’s mean labor productivity in 2009. Small is a dummy that equals one if the firm has
between 5 and 19 employees, large is a dummy that equals one if the firm has more than 100 employees. The omitted category is medium, a dummy
that equals one if the firm has between 20 and 99 employees. The sample does not contain micro firms (less than 5 employees). Robust standard errors
(clustered by 4-digit-industry-country) are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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Including both instruments

Because we have two instruments, we can also use them together in the in-
strumental variable estimation. Given that both instruments add useful and
independent variation, including them both is more efficient than running two
separate regressions. The results are reported in Table 4.5.8. The first-stage
results indicate that the instruments are indeed jointly relevant, and their size
and sign are comparable to those in Table 4.5.7. The F-stat is smaller than
when including only log inputs in similar country as the instrument, but still
sufficiently high. The second-stage effect of newly imported varieties on input-
essential innovation is significant and similar in size to the coefficient reported in
Column 3 of Table 4.5.7. Because we have more instruments than endogenous
regressors, we can also test of overidentifying restrictions. The Hansen J p-value
is greater than 0.1 in all specifications, and therefore we cannot reject the null
hypothesis that the over-identifying restrictions are valid.

4.6 A variety as a firm-product: China
We now turn to studying how the emergence of China impacted firm-level inno-
vation in our five developing countries. As explained in Section 4.4.5, in addition
to being an interesting case to study, the Chinese data provides a number of
benefits over the previous analyses using world-level trade data supplied by UN
Comtrade. First, the large increase in Chinese exports is likely to represent
a considerable push factor, thus reducing the concern for reverse endogeneity
through pull factors. Second, unlike the UN Comtrade dataset, the Chinese data
is recorded at the firm-product level.

We conduct a similar exercise as in Section 4.4.3, where we now define the
number of Chinese varieties NCH

k,c,t as the number of Chinese firms that export
product code k (4-digit) to importing country c in year t14 and where MCH

k,c,t is
the value of imports of input k by country c in year t from China. We then
construct the number of Chinese input varieties in an industry and the value of
imported inputs as:

N inp,CH
j,c,t =

∑
k

(
αj,k ·NCH

k,c,t

)
, (4.6)

M inp,CH
j,c,t =

∑
k

(
αj,k ·MCH

k,c,t

)
. (4.7)

14Note that we here use the log number of varieties and not the number of new varieties as
in the previous analysis. The reason for this is that we do not yet have data on the number of
new varieties but only on the total number of varieties sold to a country in a year.
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Table 4.5.8: Estimation results - Instrumental variables estimation (II)

(1) (2) (3)
Innovation New input

innovation
Input-essential
innovation

Panel A: Second stage
Log new input varieties 0.51 0.63 0.58∗∗∗

(0.50) (0.53) (0.21)

Small -0.020 0.00054 -0.022
(0.033) (0.031) (0.025)

Large 0.045 0.063 -0.021
(0.041) (0.047) (0.039)

Foreign owned -0.027 -0.048 -0.014
(0.040) (0.041) (0.038)

Government owned 0.12 0.27∗ 0.11
(0.18) (0.16) (0.17)

Age -0.0011 -0.00019 -0.00034
(0.00099) (0.00083) (0.00076)

Panel B: First stage Input Varieties
Log new input varieties 0.47∗∗∗ 0.47∗∗∗ 0.49∗∗∗

in similar country (0.069) (0.068) (0.067)

Log customs delay -0.018∗∗ -0.018∗∗ -0.016∗

(0.0092) (0.0091) (0.0087)
N 1418 1412 1136
F-stat 29.2 29.6 32.1
Hansen J p-value 0.95 0.16 0.59

The table reports IV regressions of innovation (innovation, new input innovation or
input-essential innovation) between 2009-2012 on log new input varieties in 2009. The
instruments are log new input varieties in the same industry in a similar country (see
Section 4.4.4 for the similar countries) and log customs delay, which is the number
of days an input is kept in customs. All regressions include country dummies, four-
digit industry dummies and the industry’s mean labor productivity in 2009. Small is a
dummy that equals one if the firm has between 5 and 19 employees, large is a dummy
that equals one if the firm has more than 100 employees. The omitted category is
medium, a dummy that equals one if the firm has between 20 and 99 employees. The
sample does not contain micro firms (less than 5 employees). Robust standard errors
(clustered by 4-digit-industry-country) are reported in parentheses. Significance: ∗10%,
∗∗5%, ∗∗∗1%.
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Table 4.6.1 shows some summary statistics on the Chinese firm-level variety
measure in 2005 and 2009. Such a growth can a priori be due to push factors
(a Chinese supply shock) or pull factors (a demand shock in our 5 countries).
As a first impression on the importance of each factor, we show the evolution
of the number of French firms (using data from the French customs) exporting
to our 5 countries between 2005 and 2009. Two observations stand out. First,
the number of Chinese varieties is much larger than French varieties. Given the
share of Chinese imports and the small share of French imports in our sample
countries, this is not surprising. Second, the number of Chinese input varieties
has increased significantly between 2005 and 2009, whereas the number of French
firms has remained almost the same, suggesting that the push factor is the main
driver of the number of Chinese varieties.

Table 4.6.1: Chinese and French input varieties: 2005-2009

Variable Mean Std. Dev. Min. Max. N
Chinese input varieties 2005 60.55 52.46 0.6 190.4 1893
Chinese input varieties 2009 250.52 178.18 3.23 683.85 1893

French input varieties 2009 1.33 1.54 0.01 11.52 1893
French input varieties 2005 1.22 1.86 0.01 15.06 1893

We test the link between imports of Chinese inputs and firm-level innovation
using different variants of the following equation:

INNijc = β0 + β1 ln
(
N inp,CH
j,c,2009

)
+ β2 ln

(
M inp,CH
j,c,2009

)
+ β3 ln (NIVjc) (4.8)

+ β4IMGjc + β5 ln
(
NCH
j,c,2009

)
+ β6 ln

(
MCH
j,c,2009

)
+ γXijc + εijc,

where we keep the same set of controls Xijc as in Table 4.5.1 and introduce the
main regressors in turn. The results are reported in Table 4.6.2. In columns 1,
4 and 7, we only use the two measures of Chinese imported inputs (the number
of varieties N inp,CH

j,c,2009 and the value of imported inputs M inp,CH
j,c,2009 ) as our main

regressors. While these are jointly significant for all types of innovations, the
number of imported inputs only appears significantly positive when using the
input-essential innovation as our measure. Then, columns 2, 5 and 8, we add the
controls for input imports that we used in Table 4.5.1 and show that, once more
in the case of input-essential innovations, both the number of imported inputs
from China and the new imported varieties defined as country-product pairs ap-
pear significant. Finally, in columns 3, 6 and 9, we show that these patterns
are robust to controlling for a potential import competition effect measured by
the number of varieties and the value of imports in the firms’ output industry.



Chapter 4 159

The positive link between Chinese exports and product-innovation in develop-
ing countries balances empirical studies that find a negative impacts of China’s
exports on the exports of other Asian and African countries (Eichengreen et al.,
2004, Giovannetti and Sanfilippo, 2009)15. It may seem counter-intuitive that
intermediate inputs from China, a country that has a low position on the quality
ladder (as suggested by Schott (2008) and Kneller and Yu (2008)), can have a
substantial contribution to innovation. However, our sample consists of devel-
oping countries whose domestic intermediate goods are likely to be of the same
or even lower quality. Moreover, while inputs from high income countries may
carry the best available technology, they may be less appropriate for developing
countries due to the gap in technology and the resulting low absorptive capac-
ity. For developing countries, Chinese imported inputs may be of better quality
without being too far away (or too expensive) in terms of technology. Moreover,
our definition of innovation includes incremental changes that are new to the
firm only, which is less likely to require high technology.

15Athukorala (2009) warns, however, that although some crowding-out effects are present,
these effects are vastly overstated in the current policy debate.



160
Im

ported
Input

V
arieties

and
P

roduct
Innovation

Table 4.6.2: Estimation results - Log Chinese input (firm) varieties and
product innovation

Innovation New input innovation Input-essential innovation

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Log Ch. input 0.073 0.056 0.076 0.20 0.13 0.25∗ 0.26∗∗∗ 0.18∗∗ 0.24∗∗∗

varieties (0.13) (0.14) (0.16) (0.13) (0.14) (0.15) (0.091) (0.085) (0.087)

Log Ch. imports 0.056 0.035 0.019 0.036 -0.021 -0.034 -0.089∗ -0.090 -0.093
of inputs (0.086) (0.100) (0.11) (0.082) (0.095) (0.095) (0.053) (0.057) (0.058)

Log new input
varieties

0.11 0.26 0.42 0.32 0.51∗∗∗ 0.46∗∗

(0.21) (0.29) (0.26) (0.34) (0.15) (0.18)

Import growth of
inputs

-0.10 -0.16 -0.26 -0.35∗∗ 0.041 0.042

(0.14) (0.14) (0.17) (0.17) (0.087) (0.085)

Log Ch. output 0.022 -0.012 -0.051∗∗

varieties (0.038) (0.040) (0.020)

Log Ch. imports -0.0014 0.011 -0.0012
of output (0.015) (0.015) (0.0085)

Log new output
varieties

-0.042 -0.00013 0.086∗

(0.091) (0.079) (0.047)

Import growth of
output

0.083∗∗ 0.11∗∗∗ -0.0062

Continued on next page
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Table 4.6.2 – Continued from previous page

Innovation New input innovation Input-essential innovation

(1) (2) (3) (4) (5) (6) (7) (8) (9)
(0.034) (0.032) (0.024)

Small -0.017 -0.016 -0.018 -0.024 -0.023 -0.030 -0.039∗ -0.038∗ -0.051∗∗

(0.027) (0.027) (0.028) (0.025) (0.025) (0.025) (0.021) (0.021) (0.020)

Large 0.056 0.057 0.046 0.070∗ 0.072∗ 0.066 -0.023 -0.020 -0.030
(0.036) (0.036) (0.037) (0.040) (0.040) (0.041) (0.033) (0.032) (0.033)

Foreign owned -0.023 -0.025 -0.028 -0.043 -0.049 -0.053 -0.019 -0.014 -0.023
(0.036) (0.036) (0.037) (0.035) (0.034) (0.035) (0.032) (0.032) (0.032)

Government owned 0.041 0.044 0.011 0.20 0.22 0.21 0.11 0.12 0.14
(0.16) (0.16) (0.17) (0.15) (0.15) (0.16) (0.13) (0.14) (0.14)

Age -0.0011 -0.0011 -0.00061 -0.00063 -0.00051 -0.00035 -0.00054 -0.00048 -0.00031
(0.00085) (0.00085) (0.00087) (0.00074) (0.00074) (0.00077) (0.00065) (0.00065) (0.00069)

N 1837 1837 1738 1830 1830 1731 1485 1485 1403

The table reports OLS regressions of innovation (innovation, new input innovation or input-essential innovation) between 2009-2012 on log Chinese
(firm) varieties in 2009. All regressions include country dummies, four-digit industry dummies, three size dummies, dummies for government and foreign
ownership and age. Robust standard errors (clustered by 4-digit-industry-country) are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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4.6.1 Import varieties in a similar country as instrument
The OLS estimation presented in Table 4.6.2 is subject to the same endogeneity
issues as described in Section 4.4.4. We run two IV regressions. First, we per-
form a similar exercise as in Section 4.5.2, and instrument the number of Chinese
varieties in 2009 as well as the value of imports from China in 2009 by the num-
ber of Chinese varieties and the value of Chinese imports in a similar country
in 2007. The results, shown in columns 1 to 3 of Table 4.6.3, broadly confirm
the results of the OLS regressions and show that the number of Chinese varieties
plays a particular role for input-essential innovations. While instrumenting by
the explanatory variables for a similar country in 2009 (thus prior to the innova-
tion period) alleviates these immediate endogeneity issues, endogeneity concerns
may remain in the presence of both cross-country and serial correlation of the
variables.
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Table 4.6.3: Estimation Results - Chinese varieties: IV estimation

Inputs in similar country Export-supply capability

(1) (2) (3) (4) (5) (6)
Innovation New input Input-essential Innovation New input Input-essential

innovation innovation innovation innovation

Panel A: Second stage
Log Ch. Input -0.25 0.26 0.66∗∗∗ 0.056 0.21 0.064
varieties (A) (0.34) (0.35) (0.24) (0.13) (0.16) (0.11)
Log Ch. imports 0.22 0.072 -0.27∗

of inputs (value) (B) (0.19) (0.20) (0.14)

Panel B: First stage Input Varieties
(A) (B) (A) (B) (A) (B)

Log Ch. input var. 0.097 -0.53∗∗ 0.098 -0.53∗ 0.12 -0.50∗

similar country 2007 (0.17) (0.27) (0.17) (0.27) (0.16) (0.27)
Log Ch. imports 0.19∗∗∗ 0.52∗∗∗ 0.19∗∗∗ 0.52∗∗∗ 0.18∗∗∗ 0.49∗∗∗

of inputs similar (0.060) (0.085) (0.060) (0.085) (0.060) (0.084)

∆ Export cap. 0.28∗∗∗ 0.28∗∗∗ 0.29∗∗∗

x initial Ch. exposure (0.044) (0.044) (0.045)

N 1837 1830 1485 1645 1638 1322
F-stat 9.46 9.33 10.3 39.4 39.1 43.3
The table reports IV regressions of innovation (innovation, new input innovation or input-essential innovation) between 2009-2012 on log Chinese (firm)
varieties in 2009. In columns 1-3, the instrument is log Chinese varieties in the same industry in a similar country (see Section 4.4.4 for the similar
countries) and in columns 4-6, the instrument is change in export capability interacted with initial exposure to Chinese imports. All regressions include
country dummies, four-digit industry dummies, three size dummies, dummies for government and foreign ownership and age. Robust standard errors
(clustered by 4-digit-industry-country) are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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4.6.2 Chinese export capabilities as instrument
As an alternative instrument, we use the exogenous variation in China’s export
supply capability at the industry level, interacted with a country-industry mea-
sure of initial exposure to China. We estimate China’s export-supply capability
(EC) using Autor et al. (2013)’s fixed-effects gravity estimation of relative ex-
ports using UN Comtrade data (for see details in Appendix 4.F). This procedure
identifies the industry-specific changes in Chinese supply capability over time, as
well as the change in the average costs of exporting Chinese goods to the world.
We interact the change in this industry-specific measure between 2007 and 2009
(results are similar using other time differences) with a country-industry specific
exposure to Chinese imports, defined as the average share of imports from China
in a country-industry pair between 2002 and 2005. While we instrument only for
the number of Chinese varieties in 2009, this strategy should be seen as captur-
ing the total effect of Chinese trade - both through the number of varieties and
the value (results are similar using value instead of varieties as the instrumented
variable). In fact, the instrument we use can explain both margins of Chinese
imports and cannot be seen as a way to disentangle the two. The estimates, re-
ported in columns 4-6 in Table 4.6.3, show that the instrument is strong but that
there is no clear evidence in favor of a causal impact of Chinese imports of inputs
on any type of product innovations that we consider. Unreported results show
that adding the other variables used in Table 4.6.2 as uninstrumented controls
does not affect any of the IV results reported in Table 4.6.3.

4.7 Conclusion
Innovation is considered central to growth in developing countries. Even when
innovations are incremental and new only to the firm, they can bring important
changes that improve welfare. Understanding the determinants of innovation is
therefore of great importance to policy makers. This research contributes to a
recent and growing body of literature on the effect of intermediate inputs on
innovation, productivity and growth. Combining quantitative trade data with
survey data from five developing countries - including a novel detailed survey
on innovation - we showed that the number of new intermediate input varieties
has a significant positive and sizable impact on product innovations that use
new inputs and in particular innovations for which a new input is an essential
feature. Making use of quantitative data on the product innovation, this finding
is supported by establishing a link between imported varieties and innovations for
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which new inputs are an essential feature. The results are robust to controlling
for the number of new varieties at the output level, which may induce an import
competition effect, and are robust to instrumental variables estimations. We
provide suggestive evidence that the intermediate input effect comes from access
to better quality imports, but are unable to confirm that foreign-input using
firms benefit more from increased varieties. Our research thus indicates that
openness to trade is an important contributor to input-essential innovations in
developing countries through its effect on the availability of new input varieties.
Policies to increase openness may therefore have a positive effect on the economy
through increased innovation, although there seems to be a substitution effect
from non-input using innovations to innovations that use new inputs. In fact, the
net effect on total innovation is zero. Despite the importance of Chinese imports,
we find no robust evidence in support of an innovation effect from Chinese firm
varieties. Further research on the origin effect of imported intermediate inputs is
warranted to base thorough conclusions on this finding. Innovation has gained a
more important role in firm-level surveys, but there is a need for more detailed
questions on the role of imports in innovation to better understand this effect.
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4.A Appendix

4.B Defining input-essential innovation

The Innovation Follow-up Survey (IM) of the World Bank Enterprise Survey
(ES) contains two open questions that are used for the construction of the
variable input-essential innovation. Specifically, HB5x describes the main inno-
vative product and HB7x describes how the main innovative product is different
from the most similar product already produced by the firm. Using this descrip-
tive information, we aim to capture product innovations for which new inputs
played an essential role, as opposed to product innovations that did not require
new inputs.

The variable input-essential innovation is coded either 1 (yes), 0 (no) or .
(missing) based on specific words or combinations of words that occur in the
innovation’s descriptions. We follow definitions from the Oslo Manual, which
contains guidelines for collecting and interpreting technological innovation data
(OECD and Eurostat, 2005) - including the annex based on the Bogotá Man-
ual (Jaramillo et al., 2001) aimed at less-developed and non-OECD countries.
We start with 908 product innovations which may or may not be input-essential
innovations. First, we try to reduce some of the measurement error stemming
from the fact that respondents may not fully understand the survey question on
product innovation. A commonly made mistake is to confuse product with pro-
cess innovation or marketing innovation. For this purpose, we set the variable for
product innovation equal to missing (and thus new input innovation to missing)
if HB5x or HB7x contains one of the following words: machine, manual, tech-
nology, logo, design, package, packaging. This is the case for 128 observations.
Second, items in the remaining list of 780 product innovations are classified as
input-essential innovations if the descriptions of the innovative product contain
one of the following words: using, use, used, uses, ingredient, ingredients, input,
inputs, recipe, made from, made of, material, materials. We rule out the word
combinations ‘industrial use’, ‘purpose use’, ‘used to’, ‘used as’, ‘used on’, and
‘used not’. Third, we classify the innovation as input-essential if the respondent
self-reports having used a new input for the innovation (question Hb9b in the WB
ES)16 and the descriptions mentions a specific input. We require both to rule out
the use of new inputs that were less than essential, based on the premise that if

16Without requiring a positive answer to HB9b, we might define innovations as input-driven,
while the input is not new to the firm.
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they were essential, they would be mentioned in the description. An example of
such a description for which the innovation is classified as input-essential innova-
tion is “earlier [we] made toothpaste with normal chemicals and now [we] make
toothpaste with improved chemicals”. After having a look at the descriptions,
the following inputs were found: aluminum, polythene, carbonate, carbonate,
chemicals, cloth , concrete, cotton, flavor, metal, paper, plastic, polyester, rub-
ber, silk, soya, timber, tin, wood, wooden, yarn, leather. Finally, the variable
input-essential innovation is set to missing if there is no answer to HB5x and
HB75x.

Table 4.B.1 below reports the cross-tabulation between input-essential inno-
vation and new input innovation. Note that the sample of 780 is innovators only,
excluding innovations that were classified as process, organizational or marketing
innovation.

Table 4.B.1: Cross-tabulation of input essential and new input innova-
tion

New input innovation (HB9b)

Input essential innovation No Yes Missing Total
No 220 24 0 344

63.95 36.05 0.00 100.00
Yes 33 173 0 206

16.02 83.98 0.00 100.00
Missing 69 156 5 230

30.00 67.83 2.17 100.00
Total 322 453 5 780

41.28 58.08 0.64 100.00

First, we note that the number of missing descriptions is fairly large, which is
a downside of using quantitative data. Second, for the non-missing data, we find
that when an innovation is classified as input-essential, 173 firms (84%) have
self-reported use of new inputs. The other 33 firms do not report using new
inputs, but in 31 cases the description in HB7x clearly mentions using a different
input. Our procedure thus reduces measurement error in the variable product
innovation (HB9b). The other two may be misclassifications, as one description
mentions what the product is used for, and one mentions using the same input
as for its other (old) products. Third, for the non-missing data, we find that,
when an innovation is classified as not input-essential, 124 firms (64%) have self-
reported use of new inputs. This may be driven by exactly what we are aiming to
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capture, namely that, in a subset of the new input using innovations, these new
inputs were not essential to the innovation. On the other hand, it may also be
that a new input is used, but its use is too obvious and therefore not mentioned
in the innovation’s description. For example, if a firm used to make cement and
its new product is soap, it is probably too obvious for the respondent to mention
that this new product required new or different inputs. While the former will
decrease measurement error, the latter may actually increase the error as we
wrongly classify the innovation as non-input-related, while it actually is input-
related. In the regression analysis, this effect will bias the estimated coefficient
downwards, which means we have to interpret the coefficient estimate as a lower-
bound estimate for the true effect.

4.C List of variables, descriptions and data sources
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Table 4.C.1: List of variables, descriptions and data sources

Variable Description Source

Innovation outcomes IM
Innovation 1 if the firm introduced an innovative product, 0

otherwise
IM

New input innovation 1 if the firm introduced an innovative product using new
inputs, 0 otherwise

IM

Input-essential
innovation

1 if the firm introduced an innovative product for which
a new input was essential, 0 otherwise

IM

Input non-essential
innovation

1 if the firm introduced an innovative product for which
a new input was not essential, 0 otherwise

IM

Number of innovations number of innovative product IM
Varieties
Total input varieties The number of product varieties in each input-supplying

industry, weighted by the input share
Comtrade

New input varieties The number of new product varieties in each
input-supplying industry, weighted by the input share

Comtrade

New output varieties The number of new product varieties in the firm’s
output product industry

Comtrade

Trade
Growth of inputs Total import growth in each input-supplying industry,

weighted by the input share
Comtrade

Growth of output Total import growth in the firm’s output product
industry

Comtrade

Chinese firm varieties
Chinese input varieties The number of firm varieties in each input-supplying

industry, weighted by the input share
CCTS

Controls and instrument
Size dummies Three dummies for size (5-19, 20-99, or more than 100

employees)
ES

Foreign Owned 1 if the firm is (partly) foreign-owned, 0 otherwise ES
Government Owned 1 if the firm is (partly) state-owned, 0 otherwise ES
Age Years since establishment started operations ES
Competition Three dummies (low, medium, and strong ) for

competition (0-5, 6-20, or more than 20 competitors,
respectively)

ES

Labor productivity Real sales divided by the number of full-time employees ES
Customs delay Number of days from the time inputs arrive at their

point of entry (e.g. port, airport) until the time these
goods can be claimed from customs

ES

Reasons for importing
Poor quality 1 if firm imported because domestic input is of poor

quality
IC

Not available 1 if firm imported because domestic input is not available IC
More expensive 1 if firm imported because domestic input is more

expensive
IC

Unreliable 1 if firm imported because domestic input is unreliable IC

IM= Innovation Module, ES= Enterprise Survey, IC= Innovation Capabilities Module), CCTS = Chinese Customs
Trade Statistics Database. Input shares are taken from the Indian 1993 Input-Output matrix.
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4.D Sample details

Table 4.D.1: Innovation by country and two-digit sector

Country and Did the firm introduce a product innovation?

Ghana Bangladesh Tanzania Uganda Kenya

Industry No Yes No Yes No Yes No Yes No Yes

Food 34 10 49 75 38 8 27 33 78 43
Textiles 2 2 35 91 19 3 16 17 12 15
Garments 14 5 33 96 36 7 4 6
Leather 2 2 59 40 1 4 2
Wood 13 1 8 7 14 1 3 4 4 1
Paper 1 2 11 15 1 2
Publishing, printing, 38 10 36 14 12 2 4 4 4
and Recorded media
Refined petroleum product 2 1 2 1
Chemicals 6 11 20 69 6 1 1 2 10 18
Plastics & rubber 12 5 11 19 6 2 1 2 2 6
Non metallic mineral products 13 3 7 5 7 3 1 6 4 2
Basic metals 5 3 10 14 4 1 2 1 4
Fabricated metal products 45 6 7 18 20 2 15 16 6 4
Machinery and equipment 9 8 2 2 3 12 8
Electronics (31 & 32) 3 2 5 5 2 1 3 3 4
Precision instruments 1
Transport machines (34&35) 2 5 19 2 1 1 6 10
Furniture 16 11 14 41 51 21 13 18 5 3
Recycling 2 1
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Table 4.D.2: New input innovation by country and two-digit sector

Country and Did the firm introduce a product
innovation that uses new inputs?

Ghana Bangladesh Tanzania Uganda Kenya

Industry No Yes No Yes No Yes No Yes No Yes

Food 38 6 78 46 41 5 44 16 95 26
Textiles 3 1 62 64 21 1 27 4 15 11
Garments 15 4 73 56 40 3 7 3
Leather 3 77 22 1 4 2
Wood 13 1 11 4 14 1 5 2 4 1
Paper 1 2 19 6 1 2
Publishing, printing, 42 4 41 9 12 4 2 7 1
and Recorded media
Refined petroleum product 2 1 2 1
Chemicals 10 7 51 38 6 1 1 2 17 11
Plastics & rubber 13 4 17 13 6 2 1 2 4 4
Non metallic mineral products 13 3 9 3 7 3 7 5 1
Basic metals 6 2 19 5 4 3 2 3
Fabricated metal products 47 4 15 10 21 1 25 6 6 4
Machinery and equipment 12 5 2 3 2 14 6
Electronics (31 & 32) 3 3 4 6 1 3 1 5 2
Precision instruments 1
Transport machines (34&35) 1 1 14 10 2 2 10 6
Furniture 21 6 41 14 56 16 20 11 6 2
Recycling 1 1 1
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Table 4.D.3: Input-essential innovation by country and two-digit sector

Country and Did the firm introduce a product
innovation for which new inputs were essential?

Ghana Bangladesh Tanzania Uganda Kenya

Industry No Yes No Yes No Yes No Yes No Yes

Food 39 1 85 13 43 2 41 6 98 7
Textiles 2 57 38 21 22 3 15 1
Garments 15 2 74 21 39 1 7 1
Leather 2 72 17 1 4
Wood 13 9 3 15 4 2 4
Paper 2 1 18 5 1 1
Publishing, printing, 40 1 39 10 12 4 7
and Recorded media
Refined petroleum product 3 3
Chemicals 12 1 53 12 7 2 16 2
Plastics & rubber 12 3 18 7 7 2 1 2 2
Non metallic mineral products 13 1 10 1 8 4 5 1
Basic metals 6 18 3 4 1 2 1
Fabricated metal products 47 11 6 20 2 19 1 7 1
Machinery and equipment 9 2 4 13 3
Electronics (31 & 32) 3 4 2 6 1 3 1 5
Transport machines (34&35) 19 2 1 11
Furniture 17 3 32 8 58 6 17 2 6
Recycling 1
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4.E Main import trading partners
Table 4.E.1 reports the list of main import partners in terms of total import
values and Table 4.E.2 reports the list in terms of number of varieties. In both
cases, China’s position has increased from 2005 to the top 3 in 2010 in all sample
countries.

Table 4.E.1: Top 5 import countries measured by share of value of
imports

2005 2010
Position Country of origin Share Position Country of origin Share

Bangladesh
1 China 0.16 1 China 0.17
2 India 0.11 2 India 0.12
3 Kuwait 0.07 3 Thailand 0.06
4 Japan 0.06 4 Singapore 0.05
5 Rep. of Korea 0.05 5 China, Hong Kong SAR 0.05

Ghana
1 Nigeria 0.12 1 USA 0.14
2 China 0.08 2 China 0.13
3 United Kingdom 0.08 3 France 0.06
4 USA 0.07 4 Belgium 0.06
5 Belgium 0.06 5 United Kingdom 0.05

Kenya
1 United Arab Emirates 0.14 1 China 0.13
2 South Africa 0.10 2 United Arab Emirates 0.12
3 USA 0.10 3 India 0.11
4 Saudi Arabia 0.06 4 South Africa 0.06
5 United Kingdom 0.06 5 Japan 0.06

Uganda
1 Kenya 0.25 1 India 0.15
2 Japan 0.07 2 Kenya 0.11
3 South Africa 0.07 3 China 0.09
4 United Arab Emirates 0.07 4 United Arab Emirates 0.08
5 India 0.06 5 Japan 0.07

Tanzania
1 Bahrain 0.16 1 India 0.11
2 South Africa 0.12 2 China 0.11
3 China 0.07 3 South Africa 0.10
4 Japan 0.06 4 United Arab Emirates 0.08
5 United Arab Emirates 0.06 5 Japan 0.07
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Table 4.E.2: Top 5 import countries measured by share of number of
varieties

2005 2010
Position Country of origin Share Position Country of origin Share

Bangladesh
1 China 0.21 1 China 0.21
2 India 0.17 2 India 0.17
3 Singapore 0.06 3 China, Hong Kong SAR 0.08
4 Other Asia, nes 0.06 4 Singapore 0.08
5 Rep. of Korea 0.05 5 Other Asia, nes 0.06

Ghana
1 United Kingdom 0.13 1 United Kingdom 0.12
2 China 0.09 2 China 0.12
3 Germany 0.08 3 USA 0.10
4 South Africa 0.08 4 South Africa 0.09
5 USA 0.08 5 India 0.07

Kenya
1 India 0.14 1 China 0.15
2 United Kingdom 0.14 2 India 0.14
3 China 0.11 3 United Kingdom 0.11
4 South Africa 0.10 4 South Africa 0.08
5 United Arab Emirates 0.09 5 USA 0.07

Uganda
1 United Arab Emirates 0.19 1 China 0.16
2 Kenya 0.18 2 United Arab Emirates 0.15
3 South Africa 0.13 3 Kenya 0.14
4 India 0.11 4 India 0.13
5 United Kingdom 0.11 5 South Africa 0.09

Tanzania
1 South Africa 0.15 1 China 0.14
2 United Arab Emirates 0.13 2 South Africa 0.13
3 China 0.12 3 United Arab Emirates 0.13
4 India 0.11 4 India 0.11
5 United Kingdom 0.08 5 United Kingdom 0.07
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4.F Gravity model of relative exports
We adapt the method Autor et al. (2013) to estimate the Chinese export-supply
capability over time for different products. Starting from a basic gravity model
of trade, China’s (CH) exports to country c in industry j, relative to the United
States (US), are given by the following equation:

ln
(
XCHjc

XUSjc

)
= ln

(
zCHj
zUSj

)
+
[
− (σj − 1) ln

(
τCHjc
τUSjc

)]
, (4.9)

where ln
(
zCHj
zUSj

)
is China’s comparative advantage in industry j relative to the

US and ln
(
τCHjc
τUSjc

)
captures Chinese trade cost relative to the US for exports of

industry j’s goods to country c. By taking relative exports, demand-side factors
in the importing country c are removed, leaving only differences in comparative
advantage (productivity) and trade costs.

We estimate the following regression equation,

ln
(
XCHjc

XUSjc

)
= αj + αc + εjct, (4.10)

where t indexes a year, αj is the industry fixed effects (China’s mean com-
parative advantage vis-à-vis the U.S.) and αc is the imported fixed effect (the
time-invariant difference in trade costs, driven by geography). Subtracting Equa-
tion (4.10) from Equation (4.9) (with a time-dimension) and rearranging gives
the following expression for the residual:

εjct = ln
(
zCHjt
zUSjt

− αj
)

+
[
− (σj − 1) ln

(
τCHjct
τUSjct

)
− αc

]
, (4.11)

Thus, the residual, εjct, is the sum of China’s demeaned comparative advantage
in industry j and trade-costs in industry j to country c in year t relative to the
U.S. We estimate ε̂jct from Equation (4.10) and sum over destination countries
c to obtain εjt. Therefore, the residual captures exogenous variation in China’s
export-supply capabilities across industries j and countries c.
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4.G Robustness

4.G.1 Different years
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Table 4.G.1: Robustness - different years: innovation and new input
innovation

Innovation New input innovation

Log new input varieties 2008 0.33∗∗∗ 0.54∗∗∗

(0.12) (0.16)

Log new input varieties 2009 0.26 0.54∗∗

(0.20) (0.25)

Log new input varieties 2009 0.35∗∗ 0.54∗∗∗

w.r.t 2007 (0.14) (0.20)

Log new input varieties 2010 0.11 0.50∗∗

(0.21) (0.25)
N 1837 1837 1837 1837 1830 1830 1830 1830
The table reports OLS regressions of innovation (innovation or new input innovation) between 2009-2012 on log new input varieties in
different year. All regressions include country dummies, 4-digit industry dummies, three size dummies, dummies for government and
foreign ownership and age. Robust standard errors (clustered by 4-digit-industry-country) are reported in parentheses. Significance:
∗10%, ∗∗5%, ∗∗∗1%.
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Table 4.G.2: Robustness - different years: input-essential innovation
and input non-essential innovation

Input-essential Input non-essential
innovation innovation

Log new input varieties 2008 0.45∗∗∗ -0.014
(0.091) (0.12)

Log new input varieties 2009 0.58∗∗∗ -0.25
(0.14) (0.18)

Log new input varieties 2009 0.52∗∗∗ -0.051
w.r.t 2007 (0.11) (0.14)

Log new input varieties 2010 0.49∗∗∗ -0.24
(0.15) (0.17)

N 1485 1485 1485 1485 1485 1485 1485 1485
The table reports OLS regressions of innovation (input-essential innovation or input non-essential innovation) between 2009-2012
on log new input varieties in different year. All regressions include country dummies, 4-digit industry dummies, three size dummies,
dummies for government and foreign ownership and age. Robust standard errors (clustered by 4-digit-industry-country) are reported
in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.



Chapter 4 179

4.G.2 Probit
Note that the OLS samples (as reported in Section 4.5) are generally larger than
the sample size reported below, because some 4-digit industry dummies predict
failure (no innovation) perfectly. When the dependent variable (innovation) does
not vary within one of the categories of one or more independent variable (in
this case a number of industry dummies), maximum likelihood estimation is not
possible. If in at least one industry, either none or all of the firms innovate, the
model can not be fitted as the coefficient on that industry is positive (negative)
infinity. The only way for the model to be fitted, is if the observations in this
industry are dropped from the regression sample17.

Table 4.G.3: Robustness - Probit: product innovation between 2009-
2012

Innovation New input Input-essential
Innovation innovation innovation

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

Log new input varieties 2009 0.35 0.38 0.57∗∗ 0.47 0.55∗∗∗ 0.41∗∗

(0.24) (0.33) (0.28) (0.35) (0.15) (0.19)

Log new output varieties 2009 0.0084 0.049 0.055
(0.071) (0.073) (0.042)

N 1779 1752 1740 1715 1322 1302
The table reports probit regressions of innovation (innovation, new input innovation or input-essential in-
novation) between 2009-2012 on log new input varieties in 2009. All regressions include country dummies,
4-digit industry dummies, three size dummies, dummies for government and foreign ownership and age. Ro-
bust standard errors (clustered by 4-digit-industry-country) are reported in parentheses. Significance: ∗10%,
∗∗5%, ∗∗∗1%.

4.G.3 Subsamples
Tables 4.G.5 below is the equivalent of Tables 4.5.1 in Section 4.4, with the
regressions run on the subsample of input-essential innovation.

17The number of firms dropped depends on the exact specification, but as an indication, in
column (1) of Table 4.5.1, 58 firms in 29 of of the 102 4-digit-industries are excluded. These
industries have an average of 2 firms in our sample; with a maximum of 6.
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Table 4.G.4: Robustness - Probit: product innovation between 2009-
2012

Innovation New input Input-essential
Innovation innovation innovation

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

Log new input varieties 2009 0.068 -0.022 0.28 0.035 0.39∗∗ 0.20
(0.22) (0.26) (0.26) (0.27) (0.15) (0.18)

Log new output varieties 2009 0.064 0.11 0.084∗∗

(0.065) (0.070) (0.042)
N 1779 1752 1740 1715 1322 1302
The table reports probit regressions of innovation (innovation, new input innovation or input-essential innova-
tion) between 2009-2012 on new input varieties in 2009 and log new output, where the independent variables
are weighted by HS products. All regressions include country dummies, 4-digit industry dummies, three size
dummies, dummies for government and foreign ownership and age. Robust standard errors (clustered by
4-digit-industry-country) are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.

Table 4.G.5: Robustness - Subsample: product innovation between
2009-2012

Innovation New input Input-essential
Innovation innovation innovation

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

Log new input varieties 2009 0.33∗ 0.36 0.58∗∗∗ 0.49∗∗ 0.58∗∗∗ 0.49∗∗∗

(0.19) (0.22) (0.17) (0.19) (0.14) (0.15)

Log new output varieties 2009 -0.012 0.044 0.040
(0.049) (0.036) (0.030)

N 1485 1461 1485 1461 1485 1461
The table reports OLS regressions of innovation (new input or new input innovation) between 2009-2012
on log new input varieties in 2009 on sub-sample for which the input-essential innovation variable is not
missing. All regressions include country dummies, 4-digit industry dummies, three size dummies, dummies
for government and foreign ownership and age. Robust standard errors (clustered by 4-digit-industry-country)
are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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4.G.4 Instrumental variables
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Table 4.G.6: Robustness - IV estimation with customs delay as instru-
ment

two-digit industry customs delay sub-sample non-importing firms

Innovation New input
innovation

Input-
essential
innovation

Innovation New input
innovation

Input-
essential
innovation

Panel A: Second stage
Log new input varieties 2009 0.42 2.52∗∗ 1.11 0.49 1.62∗∗ 0.60

(1.05) (1.26) (0.89) (0.84) (0.74) (0.45)

Panel B: First stage Input Varieties
Log customs delay 2-digit -0.018∗ -0.018∗ -0.017

(0.011) (0.011) (0.011)
Log customs delay -0.031∗∗∗ -0.031∗∗∗ -0.029∗∗∗

(0.011) (0.011) (0.011)

N 1697 1691 1373 1000 997 825
F-stat 2.96 2.95 2.52 8.07 8.06 7.17

The table reports IV regressions of innovation (innovation, new input innovation or input-essential innovation) between 2009-2012
on log new input varieties in 2009. In columns 1-3, the instrument is log new input varieties in the same industry in a similar
country (see Section 4.4.4 for the similar countries) measured at the two-digit industry-country level. In columns 4-5 customs delay
is measured at the 4-digit industry-country level, but the regression is run on a sub-sample of non-importing firms. All regressions
include country dummies, 4-digit industry dummies, three size dummies, dummies for government and foreign ownership and age.
Robust standard errors (clustered by 4-digit-industry-country) are reported in parentheses. Significance: ∗10%, ∗∗5%, ∗∗∗1%.
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