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Abstract of Dissertation

Essays on Poverty and Charity

We examine how we can increase charitable giving and why it is hard for poor

countries/individuals to escape poverty even with large aid in this dissertation. We

suggest heterogeneous tax incentives as a policy tool to increase contributions. Fur-

thermore, we present the existence of multidimensional and interlocking poverty traps

as a reason that the poor stay in poverty.

We introduce new approaches to research on poverty traps, focusing on changes

in patterns of equilibria over time and across regions, applied to the Ethiopia Rural

Household Survey. One of three major regions in rural Ethiopia exhibits a deeply

impoverished equilibrium (a stagnant low-level single equilibrium). Moreover, we

introduce an econometric analysis of multiple and possibly interlocking poverty traps,

involving two or more simultaneous distinct poverty dimensions. We find evidence

of complementarity of inputs in household asset growth functions. This negative

complementarity involves the existence of multidimensional and interlocking poverty

traps.

In light of the relative paucity of empirical research on the impact of tax incentives

on charitable giving outside western countries, empirical research on this topic in

South Korea is valuable in order to compare effects across different tax regimes and

in different institutional environments. Using the Korean Labor and Income Panel

Study (KLIPS), we find that the tax price elasticity is significant and the magnitude

is around 0.8. Using the Censored Quantile regression with instrumental variables

(CQIV), we find that the price elasticity of giving is very heterogeneous among donors,

while income has a uniform and positive effect over the whole range of the giving

distribution significantly.
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Generosity of each household could differ based on each household’s characteristics

and endowments. We focus on religiosity in chapter 5. Using four waves of Center

on Philanthropy Panel Study (COPPS) within the Panel Study of Income Dynamics

(PSID), we find that religious generosity extends into secular realm as a form of

participation rates. Moreover, we find no evidence that there is difference in the

effect of tax incentives on giving between the religious and the non-religious.
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Chapter 1: Introduction

Charity has been considered as a key tool to cure poverty. Sachs (2005) argues that

carefully planned development aid can remove extreme poverty globally by the year

2025. Burnside and Dollar (2000) also find that aids work when placed in good policy

environments.1 However, opposing opinions are also pervasive (Easterly et al., 2003;

Easterly, 2007). Moyo (2009) also argues aid is not working in poor countries. She

argues that aid is a “silent killer” of growth because they weakens civil society by

hindering the development of the middle class, increasing the burden of government,

and reducing individual freedom.2 Leaving the poor alone, however, is not a solution,

even if aid is not working. This controversy stimulates us to analyze the mechanism

how the poor countries/individuals stay in poor.

With understanding poverty, we can help the poor move out of poverty. However,

we still have a question: How to alleviate and eradicate poverty more effectively. We

believe that the opposite opinion from the two research groups above could be due

to the misuse of aids by inappropriate agents. In this regard, we pay attention to

the roles of nonprofit organizations (NPOs) in this activities of poverty alleviation:

market failures, such as the existence of credit market constraints, are a main source

of poverty; direct interventions from government to cure poverty also face government

failures, such as imperfect information about the extremely poor (Brinkerhoff et al.,

2007).

Poverty reduction activities of NPOs require a reliable flow of resources. The
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direct financial support from government may affect organizational autonomy, finan-

cial autonomy, and program autonomy. Moreover, a few big-donors’ intention can

also affect the activities of NPOs. The best option to avoid these circumstances is

to increase the amount of voluntary contributions, and simultaneously the number

of rational contributors. Therefore, two fundamental questions are examined in this

dissertation: how to increase charitable giving and why it is hard for poor coun-

tries/individuals to escape poverty even with large aid.

In chapter 2, we explores the mechanism why the poor can’t escape poverty even

with large outside help.3 To examine this question, we use Ethiopia Rural Household

Survey (ERHS) since per capita income in Ethiopia is still the lowest in the world

while many international aids have been given.4 The reason is, we diagnose, poverty

traps. The concept of poverty trap is a circle, in which a self-reinforcing threshold

on asset or capital accumulation excludes households from a smooth growth process.

That is, poverty trap keeps households from accumulating means for growth.

In the 1990s’, most studies on poverty traps depended on macro-data set. After

richer panel data set became available, some studies explore poverty traps of consump-

tion and income using micro-panel data (Jalan and Ravallion, 2001, 2002; Lokshin

and Ravallion, 2004; Dercon, 2004). After noticing the importance of assets in un-

derstanding and combating poverty (Smith, 2005, p.24), some economists focus on

the underlying assets of the poor. In addition, consumption or income is comprised

of both stochastic and structural parts. The noise from stochastic part of income

hinders us from identifying chronic poverty and poverty traps (Barrett et al., 2006).5

For these reasons, the analysis of asset dynamics has been a center of attention in

studying poverty trap (Lybbert et al., 2004; Adato et al., 2006; Barrett et al., 2006;

Naschold, 2009).

We first introduce new approaches to research on poverty traps, focusing on

2



changes in patterns of equilibria over time and across regions, applied to the Ethiopia

Rural Household Survey. We revisit the incidence of multiple equilibria using new

nonparametric techniques; we also emphasize conditions of single equilibria that re-

main stagnant below the poverty line. We identify a single equilibrium in our initial

interval (1994 – 1999) but find evidence that a second, higher equilibrium is emerg-

ing in the subsequent (1999 – 2004) interval. One of three major regions exhibits a

deeply impoverished equilibrium that does not improve despite a national environ-

ment of pro-poor growth.

In chapter 3, we examine the impact and potential interactions of health, educa-

tion and consumption dimensions of persistent poverty at the household level. Our

application is to indictors of assets, undernutrition, and illiteracy drawn from the

Ethiopia Rural Household Survey (ERHS) panel data set. We develop a framework

for operationalizing the concept of multidimensional traps, involving two or more si-

multaneous distinct poverty dimensions of persistent poverty; these include a subset

of cases in which an interlocking poverty trap is effectively formed as a result of de-

privations functioning as complements. We test an implication of the multiple trap

framework by comparing structural income dynamics across groups. We find that in

the poorest of the three main agro-ecological regions in Ethiopia, those with both

chronic undernutrition and illiteracy have the lowest implied equilibrium; those with

one of these chronic conditions have intermediate (but still deeply poor) equilibria;

and those without either condition have the highest asset equilibrium. Evidence for

complementarity of persistence across dimensions of poverty - what we term an inter-

locking poverty trap - is found in only a limited number cases, however. We present

several robustness checks for our results.

In chapter 4, we empirically examine the effect of tax incentives on the amount of

contribution by various robust estimation methods to answer how to increase chari-
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table giving. The study on this topic started in the 60s’ in the western countries in-

cluding the United States. (For surveys, see Clotfelter (1985), Steinberg (1990), and

Schokkaert (2006).) Most early works used a log-linear model with cross-sectional

data. After recognizing the censored attribute of giving data, use of the Tobit model

became popular. Later, the Heckman two step method was used since the researchers

noticed that the variables determining the amount of giving could be different from

the variables explaining the decision whether or not to give (Smith et al., 1995; Banks

and Tanner, 1997). After panel data became available, the dynamics of income and

price effects are studied since researchers recognize permanent income may be more

important than current income in the decision of charitable giving (Randolph, 1995;

Barrett et al., 1997; Bakija, 2000; Auten et al., 2002). Lately, some researchers are

focusing on field experiments (Karlan and List, 2007; List, 2007).

However, the reported estimates vary depending on used data and estimation

methods.6 Cordes (2001) and Peloza and Steel (2005) conclude that the magnitudes

of the effect of tax incentives on charitable giving are still uncertain. Given the

relatively little research regarding the impact of tax incentives on charitable giving

outside western countries, a study on this topic in South Korea is valuable in order to

compare effects across different tax regimes, in a different institutional environment.7

Accordingly we use a Korean Labor and Income Panel Study (KLIPS). Since the issue

of charitable giving drew attention in Korea only after 1998 economic crisis, data sets

having information about charitable giving in Korea are rare as is researched on this

topic in Korea. We analyze the impact of tax incentives, utilizing improved estimation

methods. In addition, wide range of robustness checks are utilized. In this chapter, we

find evidence that perfect crowding out effect is rejected as in the studies on western

countries. Moreover, price elasticity of giving is very heterogeneous among donors.

Finally, we find that donors, ever experiencing giving, tend to contribute the next

4



time as well using simple transition matrix. We present rigorous analyses about this

finding in chapter 5 using an information about household religiosity.

Generosity of each household could differ based on each household’s characteristics

and endowments. Since participation in religious giving can make households or

individuals have a regular habit of secular giving, we focus on religiosity in chapter 5.

We explore whether religious generosity extends to secular realm using 4 waves (2001,

2003, 2005, and 2007) of the Center on Philanthropy Panel Study (COPPS) with

Panel Study of Income Dynamics (PSID). In order to control for household specific

heterogeneity, such as differences in generosity or altruism, we utilize the pseudo-fixed

effect Tobit model using the secular cause giving data set, which includes information

about a household’s religiosity. By doing so, we investigate whether or not religious

generosity extends to secular giving. Additionally, we utilize the Censored Quantile

Regression with Instrumental Variables (CQIV) since the estimates from conditional

mean regression may be misleading, given that distribution of contributions in the

United States is skewed.

Under the quasi-experimental setting with the pseudo-fixed effect Tobit model,

we find that religious households are more generous than the nonreligious when we

consider both participants and non-participants together. Only considering the par-

ticipants in secular giving, we find that there is no difference in generosity between

the religious and the nonreligious. Thus, the difference of generosity between the two

groups appears as the difference in the participation rate. Therefore, it is difficult

to say that the generosity of the religious extends to secular giving when we analyze

only the participants of secular giving. If we interpret the high participation rate as

generosity, the religious are more generous than the nonreligious are. Though we find

the difference of participation rates in secular giving from both religious and nonreli-

gious households, we fail to find any significant evidence of difference between the two

5



groups in the price elasticity of secular giving. However, we find evidence that the

income elasticity of the religious is significantly greater than that of the nonreligious.

Moreover, this study analyzes the effect of tax incentives on charitable giving for

various types of Nonprofit Organizations (NPOs), with different aims. We find that

this effect of tax incentives could differ across NPO sectors. In particular, giving

to organizations for the poor has significantly negative tax price effect. The price

elasticity of this type of giving is -0.29, while other causes of secular giving have

insignificant price elasticity from the pseudo-fixed effect model. However, from the

CQIV, we find that contributions to organizations for the poor, contributions to

organizations having combined purposes, and contributions to health organizations

have significantly negative price elasticities. The difference of the estimates between

the CQIV and the pseudo-fixed effect model could be explained by the difference of

the point evaluated.

Notes

1Burnside and Dollar’s (2000) finding is not robust due to selectivity. Country with good policy
would be likely to progress without aids.

2Details are in Moyo (2009, pp.48-58).
3This chapter is jointly worked with Stephen C. Smith.
4According to International Monetary Fund’s World Economic Outlook Database, purchasing

power parity (PPP) per capita of Ethiopia is 360 in 1994. In 2004, i.e. ERHS’s last year, the PPP
per capital is 560. In addition, 0.5 billion dollars out of the Ethiopia government collected about
2.3 billion dollars was in the form of grants, which is about 22% of the total government revenues
during 2004/2005 fiscal year. Lemi (2008) explores details in foreign aids to Ethiopia.

5Since households hold various kinds of asset, we estimate livelihood-weighted asset index follow-
ing Adato, Carter, and May (2006) to reduce the dimension of assets, which help avoid “the curse
of dimensionality” in nonparametric analysis.

6For example, panel data model reports relatively less price elasticity than cross-sectional model.
Clotfelter (1985) also argues that elasticities derived from survey data may be artificially high.

7Cordes (2001) points out that the uncertainties about the price sensitivity of giving will disappear
as data improve. However, he argues that consideration of charitable giving will require more than
estimates of price elasticity. List (2007) also points out that institutions are important in the decision
of charitable giving.
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Chapter 2: Regional Agricultural Endowments and Shifts of Poverty

Trap Equilibria: Evidence from Ethiopian Panel Data

2.1 Introduction

This paper contributes to the empirical analysis of poverty traps by broadening the

types of poverty trap concepts examined and introducing new and informative econo-

metric tests.

We begin with a consideration of empirically implementable concepts of what it

means to be in a household poverty trap. Recent literature has mainly studied traps to

determine the presence of multiple equilibria, which could provide an opportunity to

implement policies to push an economy into a self-sustaining higher equilibrium. We

contribute to this literature with new strategies for empirical testing for the existence

of multiple equilibria. We also present tests for alternative conditions of poverty that

are chronic and may represent traps but in a non-classic sense.

In this study, we focus on household assets, rather than consumption or income

which have both stochastic and structural components. The noise from the stochastic

part of income may generate false positives and false negatives regarding incidence

of chronic poverty and poverty traps (Barrett et al., 2006). Since households hold

various kinds of assets, we estimate a livelihood-weighted asset index1 (following

Adato, Carter, and May(2006)).

We first show, using a battery of econometric techniques, that our rural Ethiopia

panel data set analyzed as a whole suggests the existence of a single stable equilibrium

7



in assets.2 We expand on previous research that had yielded somewhat inconclusive

evidence by introducing new econometric methods to this literature, including a para-

metric GMM fixed effect model, a local linear regression with explanatory variables,

a partial linear mixed model with random effects, and Bayesian penalized spline

smoothing. We introduce confidence bands to the poverty traps asset dynamics liter-

ature, and also provide credible bands from our Bayesian analysis. Using the bands

enables us to make probabilistic statements about whether a potential second stable

equilibrium actually exists, and to distinguish equilibria across groups or across time.

In addition, we estimate the asset dynamics controlling for explanatory variables in

non(semi)-parametric models. By doing so, we can find which variables significantly

affect the dynamics. Using the full panel, we do not find an asset poverty trap in the

sense that test results point to a single stable equilibrium. However, we hypothesize

that conditions in rural Ethiopia likely changed during the period of study. Thus,

we split the data into two time intervals, from 1994 to 1999, and 1999 to 2004; we

find evidence that a second, higher equilibrium has emerged in the later years of the

panel, which we interpret in detail.

We then examine whether poverty traps in Ethiopia occur at a more micro level

than can be identified with the pooled nation-wide rural sample. Jalan and Raval-

lion (2002) introduce an econometric strategy to examine why a region suffers from

a poverty trap in a rural China. They conclude that the deprivation of geograph-

ical capital causes a geographical trap. Their approach is to test for divergence in

consumption dynamics - a sufficient condition for the existence of a poverty trap -

which they identify in their data, controlling for household specific latent hetero-

geneity. Following the Jalan and Ravallion (2002) definition of a geographic trap, we

examine whether regional stagnation exists in parts of rural Ethiopia.3 Three distinct

regions are found in our sample, each with distinct farming methods, products, and

8



other characteristics (this is part of the survey design; these regional differences have

been utilized in previous research on other topics). We then proceed to estimate the

asset dynamics of each region to examine equilibria. We find that one of the three

regions (described below) has a very low implied equilibrium (well below the $1.25

PPP poverty line). In addition, we find that the sequential equilibria of this region

remains statistically unchanged when dividing the panel into the two five year inter-

vals, despite the upward shift of the asset distribution, while the equilibrium of other

regions shift upward.

The remainder of the paper is organized as follows. Section 2 examines concepts

of poverty traps and nonlinear income dynamics. An empirical literature review on

poverty traps is provided in section 3. Section 4 introduces the Ethiopia Rural House-

hold Survey (ERHS) and a livelihood-weighted asset index. Section 5 shows that, con-

sistent with some of the earlier literature, treating the full data set as homogeneous

implies the existence of a single stable equilibrium; this is robust to nonparametric

tests that we introduce to this field. In Section 6, we allow for heterogeneity across

time and regions. We examine the heterogeneous impact of the slowdown of growth

in the later period of the study utilizing nonparametric quantile regression. Then, we

present intriguing evidence for the emergence of a second and higher equilibrium in

rural Ethiopia. Finally, we show substantial differences in dynamics across regions.

2.2 Basic Theories of Poverty Traps and Nonlinear Income Dynamics

A substantial tradition in development economics has examined the concept of a

poverty trap as a vicious circle. Many theoretical contributions, and more recently

some path-breaking empirical work, have studied thresholds in asset or capital accu-

mulation that effectively prevents households from accumulating means for growth.

The dynamic growth process with a poverty trap produces multiplicity in the income

9



or asset dynamics. The simplest model of income dynamics can be represented as a

nonlinear difference equation:

Yit = f(Yit−1, Xit), (1)

where Yit is current household income, Xit represents exogenous characteristics, and

the function f(·) satisfies f ′(Yit−1) > 0 and f ′′(Yit−1) < 0. With multiple steady-state

equilibria, persistent poverty can be inevitable if any shock reduces current income

below the unstable equilibrium.

A number of motivations have been proposed for such nonconvexity: for example

the nutritional efficiency wage hypothesis (Leibenstein, 1957; Stiglitz, 1976; Dasgupta,

1997),4 and liquidity constrained households (Loury, 1981; Galor and Zeira, 1993),5

among others.6 These explanations are related to incomplete markets and generate

multiple equilibria so that they show how an economy can be trapped in poverty.

Under a threshold model, poor households cannot produce enough human and

physical capital to exceed the threshold to escape the lower level equilibrium (known

as the poverty trap) and move to the higher-level equilibrium. In this case, a transfer

payment may eliminate the low-income unstable equilibrium and enable the poor to

escape poverty. A poverty trap is thus viewed as a Pareto-dominated (bad) stable

equilibrium, when the preferred equilibrium is available to the same individuals with

the same characteristics; it is commonly represented as in Figure 2.1a.

Note that even if there is only a single stable equilibrium as in Curve A in Figure

2.1b, although formally different it would also be quite intuitive to use a “poverty

trap” terminology to describe a single equilibrium that is below poverty line Z. On

the other hand, there is no reason why the lowest equilibrium in Figure 2.1a must

be below any commonly accepted absolute poverty line Z. Moreover, the emergence
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(b) A Single Stable Equilibrium

Figure 2.1: Dynamic Recursion Curve

of a second, higher equilibrium can actually indicate an improvement in “potential

welfare,” if under some conditions a household may successfully cross the threshold

asset level - perhaps as a result of development assistance. Thus presence of multiple

equilibria is not perfectly matched with the broader concepts of poverty traps that

would extend to the analysis of other circumstances of chronic, structural poverty.

2.3 Empirical Literature Review

Empirical research into multiple equilibria in income and asset poverty trap dynamics

has only begun fairly recently with contributions by Jalan and Ravallion (2001, 2002);

Dercon (2004); Lokshin and Ravallion (2004); Lybbert et al. (2004); Adato et al.

(2006); Barrett et al. (2006); Naschold (2009); Campenhout and Dercon (2009). Both

parametric and non(semi)parametric estimation methods have been used to estimate

poverty dynamics.

Jalan and Ravallion (2001) use a six-year panel of income from four rural provinces

(Guangdong, Guangxi, Guizhou and Yunnan) of China to test for nonlinearity in

income and expenditure dynamics. They find that the growth rate of household
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income depends on higher moments of the initial distribution than its mean. That is,

initial high inequality of income reduces future growth in mean income. In addition,

they find evidence of nonlinearity in income.

Jalan and Ravallion (2002) re-examine the same data as in their 2001 study and

present evidence of a geographic poverty trap, meaning that when the consumptions

of identical households living in a better-endowed area rise over time, households

trapped in geographic poverty remain isolated from the ‘rising standard of living.’

They find that the effect of average wealth in the county of residence on consumption

growth rates at the household level (0.0602) is greater than that of own wealth (-

0.0221) in absolute terms, controlling for latent heterogeneity. That is, they find

aggregate divergence in consumption dynamics.

Dercon (2004) uses six-village data from the Ethiopia Rural Household Survey to

explore the impact of risk on consumption growth paths using a linearized empirical

growth model: ln yit − ln yit−1 = α+ β ln yit−1 + δZit + γXi + uit. Using the modified

specifications of the above baseline model, he finds a persistence effect of famine and

rainfall shocks. In addition, road infrastructure is a source of divergence in growth

across villages and households.

Lokshin and Ravallion (2004) examine the existence of poverty traps and distribution-

dependent growth using a four-year household panel from Russia and six-year house-

hold panel from Hungary. In order to resolve endogenous attrition to shocks, they use

a system estimator based on semi-parametric full information maximum likelihood.

They find evidence of concavity of income for both countries, but they fail to find

convincing evidence of a dynamic poverty trap.

Lybbert et al. (2004) use 17-year cattle herd histories in southern Ethiopia to study

stochastic wealth dynamics. The most important asset for households is a livestock

in this pastoral region. The data they use aggregate heterogeneous livestock into
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“Tropical Livestock Units (TLU)” via a weighting system. They estimate livestock

dynamics using a Nadaraya-Watson estimator of a bivariate case using Epanechnikov

kernel with arbitrary bandwidth 1.5. Due to the fact that it is a nonparametric

local curvature, they can avoid a local distortion that parametric regression might

arise. A limitation, however, is that a local constant estimator such as the Nadaraya-

Watson estimator is known to suffer from “boundary bias”(detailed explanations are

found in Pagan and Ullah (1999, pp.81-106)). In addition, they don’t use an optimal

bandwidth from a data driven bandwidth selector such as likelihood cross-validation

or plug-in method.7

To aggregate a portfolio comprised of multiple assets, Adato et al. (2006), Barrett

et al. (2006), and Naschold (2009) estimate asset-based wellbeing indices by either a

regression of expenditure on the household’s productive assets or a factor analysis.

Based on the indices, they expect that households that suffer from income poverty

transitions but not asset losses should not fall into poverty trap. Carter and Barrett

(2006) argue that a dynamic asset poverty threshold should be identified to disag-

gregate the structurally poor into those expected to escape poverty on their own

over time. If the dynamic asset poverty line, which is set at an unstable dynamic

asset equilibrium, is located far above the level at which it is feasible or rational

to accumulate sufficient assets, all the currently structurally poor, and a subset of

the non-currently structurally poor would be expected to gravitate to the low level

equilibrium. Some but not all studies have identified such a threshold.

Adato et al. (2006) find evidence of an asset poverty trap using the KwaZulu-Natal

Income Dynamics Study (KIDS) in South Africa for 1993 and 1998 using bivariate lo-

cally weighted polynomial regression methods (LOESS). Barrett et al. (2006) examine

rural Kenya and Madagascar to see if there is a poverty trap. They distinguish struc-

tural welfare dynamics from stochastic welfare dynamics. They propose a procedure
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to remove the noise due to stochastic component of income from total income, and es-

timate both total income dynamics and structural income dynamics regressions using

bivariate quadratic LOESS with an optimal, variable span based on cross-validation

for each village. They find that the estimated slope is negative from the regression

of the total income change on initial income for each village. However, from the esti-

mated structural income dynamics, the estimated line does not have a monotonically

negative slope for each village. The dynamics in all five villages have multiple equilib-

ria. In addition, they find multiple dynamic asset and structural income equilibria by

estimating an S-shaped curve using both nonparametric and 4th degree polynomial

parametric methods.

Naschold (2009) explores household asset poverty traps in rural semi-arid India

using semiparametric and nonparametric estimations, using a 27 year panel data set

from the International Crop Research Institute for the Semi-arid Tropics’(ICRISAT)

Village Level Studies(VLS). He finds a single stable equilibrium in the VLS data rather

than the multiple equilibria he expected, for which he proposes four explanations:

First, a social sharing rule and endogenous household composition may hinder asset

accumulation. Second, if the time period between observations is short, it is hard

to pick up the long run asset dynamics when total asset holdings change slowly.

Third, VLS data only contain few richer households since the VLS covers a poor

rural population. Fourth, bifurcating equilibrium paths may depend on the quality

of the growing season.

Campenhout and Dercon (2009) explore the existence of livestock asset poverty

traps in Ethiopia using the Ethiopia Rural Household Survey (ERHS). They use

GMM estimation and Threshold Auto-Regression model proposed by Hansen (1999;

2000). They find non-linearities in dynamics of Tropical Livestock Units (TLU) and

multiple equilibria of TLU. One of advantage of their method is that it allows us to
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estimate the speed of convergence, which cannot be computed using nonparametric

methods. They find that convergence to the low level equilibrium is almost twice

as fast as convergence to the high level equilibrium. In our research, however, we

do not limit ourselves to TLU indicators, because our ERHS data primarily cover

non-pastoral sites.

2.4 Data: The Ethiopia Rural Household Survey (ERHS)

This research uses the Ethiopia Rural Household Survey (ERHS); a panel dataset

that we selected to study prioritized analysis of a very low income country8, but one

experiencing pro poor growth, to examine conditions under which the poor might be

escaping from what had appeared as poverty traps. The multiple waves of this survey

is particularly attractive for exploring shifts of equilibria over time.9

ERHS is publicly available, and the dataset was used in the form as cleaned by

International Food Policy Research Institute (IFPRI). ERHS consists of 15 areas

with 1477 households, stratified in three main agro-ecological zones of Ethiopia.10

Households are selected randomly within each village, stratified by female headed

and non-female headed households as well as landless households. Sample population

shares are broadly consistent with the population shares in the three main sedentary

farming systems, the grain-plow complex highlands, the grain-plow/hoe complex, and

the enset growing area. Figure 2.2 represents the survey sites and 3 categories accord-

ing to the farming systems in rural Ethiopia.11 The grain-plow complex highlands

area has an ox-plow farming system. Mean recorded rainfall is about 700 to 1200mm,

and the main crops are teff and barley. The grain-plow/hoe complex is a very poor

and vulnerable area, in which mainly cereals are grown. It has high variance-excessive

or deficient rainfall over time. The enset growing areas have poor environments to

grow most crops, and mean recorded rainfall is very high, at over 1500mm. This area
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Figure 2.2: Ethiopia Rural Household Survey Villages

is densely populated. Enset and perennial crops are grown; some coffee and cereals

are sometimes cultivated.12 Table 2.2 shows that there exist large differences in the

consumption level according to the farming system regions.

Moreover, we have to note that Ethiopia has a distinctive land institution that

may have made poverty more serious. Though utilization of land is a key to eco-

nomic activity in Ethiopia, like some other countries with socialist backgrounds, land

is owned by the state. Three major changes in institutions of land were made after

1991 as summarized in Deininger and Jin (2006): First, regional governments were

given the responsibility of enacting laws regarding the nature of land rights, their

transferability, and matters of land taxation; second, the frequency of land redistri-

bution was reduced, and third, local governments retained high levels of discretion

that allowed them to impose restrictions on land transfers, even though rentals have

been officially allowed by the Constitution. Therefore, households have a difficulty in

migrating to another region and acquiring land from an other peasant association. In

addition, insecure land holdings reduce incentives for farmers to invest in the land,

which contributes to the low productivity from land and perpetuating low growth
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and poverty. Dercon and Ayalew’s (2007) findings also support this prediction.13

Table 2.2: Consumption per Adult and Asset Index across Farming System Regions

Full Sample Grain-plow complex Grain-plow/hoe the Enset Area
Highlands complex

Consumption Asset Index Consumption Asset Index Consumption Asset Index Consumption Asset Index
Round 1 87.921 1.738 116.196 2.339 79.199 1.513 63.062 1.222

(93.775) (.892) (99.109) (.758) (106.501) (.915) (55.131) (.523)
Round 3 81.303 1.970 101.728 2.667 80.277 1.821 57.876 1.290

(100.152) (1.333) (126.993) (1.367) (84.951) (1.076) (69.225) (1.095)
Round 4 110.083 2.240 142.456 2.991 98.669 1.858 83.092 1.665

(115.666) (1.139) (156.322) (1.267) (84.462) (.796) (67.795) (.618)
Round 5 108.864 2.479 140.231 3.389 110.169 2.410 67.717 1.411

(98.625) (1.223) (113.903) (1.260) (94.206) (.688) (60.888) (.561)
Round 6 117.009 2.689 150.971 3.559 106.403 2.545 84.917 1.732

(124.390) (1.292) (161.810) (1.294) (93.967) (1.023) (81.619) (.626)
Total 100.45 2.202 129.756 2.963 94.441 2.014 70.842 1.451

(107.504) (1.229) (134.231) (1.283) (94.144) (.986) (67.800) (.752)
N 6914 5909 2549 2261 2311 1814 2054 1834
a Source: ERHS 1994a, 1995, 1997, 1999, 2004
b Standard deviations are in parenthesis.
c Groups are constructed based on the farming system.
d Consumption per adult is computed using adult equivalent units based on Dercon and Krishnan (1998).
e Villages in northern highlands are included in the grain-plow/hoe complex.

Current income and consumption have been the main wellbeing measure in the

previous literature. Barrett et al. (2006) argue that analysis of solely current flows

hinders us from identifying chronic poverty because this measure includes both struc-

tural and stochastic components of income. In order to analyze chronic poverty and

poverty traps, they suggest using the structural part of income, (i.e., assets).14 We

proceed then to estimate an asset index,15 which provides a proxy of the household

structural income. Table 2.2 shows the average consumption level and average as-

set index across each farming system area. Consumption levels show an increasing

trend overall (although with fluctuations), while we observe little fluctuation in the

asset index, which increases over time. This broad trend holds across the farming

system regions. The highlands area with a higher productivity farming system has

higher consumption levels and asset index on average. On average, asset indices in

rural Ethiopia have increased over time. However, we note that asset indices of the

highlands and the hoe areas increase rather steadily over time while that of the enset

area exhibits more fluctuation.
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2.5 Analysis of Asset and Consumption Dynamics

While households hold various assets, previous research has focused on tropical live-

stock units (TLUs) as an asset unit. Given that all land in Ethiopia is state-owned

and land sales and rental against fixed payment are banned, livestock can be con-

sidered as a key to asset accumulation. But the Ethiopia Rural Household Survey

(ERHS) is not a representative sample of pastoralists in Ethiopia. Rather, ERHS can

be considered broadly representative of households in non-pastoralist farming system

regions as of 1994 (Dercon and Hoddinott, 2009). Hence while we also use TLUs for

comparability with previous research, we focus on broader asset indices to estimate

asset dynamics, for example to examine if there is a single equilibrium.

The relationship in nonparametric context is specified by

At = m1(At−1) +
n∑
k=2

mk(Xk) + ε, (2)

where function mk are arbitrary functions estimated from the data, Xks are explana-

tory variables; age of head, household size, and gender of household head.16 Using

pooled data, we estimate the equation (2) above.

Figure 2.3a shows the estimation results of equation (2), which is a multivariate

nonparametric model having explanatory variables with continuous and categorical

variables while most previous literature estimates a bivariate model. Our local linear

regression adapts Epanechnikov kernel for continuous variables and a variation on

Aitchison and Aitken’s (1976) kernel for a categorical variable, i.e., gender of head.

We use data driven methods of fixed type bandwidth,17 selected by likelihood cross-

validation (LCV) based on Hurvich, Simonoff, and Tsai’s (1998) AICc.
18 Confidence

bands are generated by bootstrap resampling with independent non-identical distri-

bution, which admits general heteroscedasticity of unknown form.19 From Figure
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(a) Asset Index (b) TLU

Figure 2.3: Asset Dynamics

2.3a, we observe a single stable equilibrium around 3.6, which represent about 6 Birr

per adult per day. It may correspond to a poverty equilibrium, depending on how

the poverty line for Ethiopia is set.20

In addition, Figure 2.3b exhibits TLU dynamics, in which we don’t control for

the explanatory variables analogous to what was done in Lybbert et al. (2004). They

use an arbitrary sized bandwidth, but we use adaptive nearest neighbor bandwidth

for the TLU estimation.21 From the local linear regression, we find a single stable

equilibrium. In addition, we also adapt Bayesian penalized spline and a partial linear

mixed model as robustness check methods in the Appendix 2.B1 and 2.B2. From

them, we find a single stable equilibrium as well. Finally in Appendix 2.B3, for

comparability with previous methods, we present parallel results using a parametric

approach. Although, as explained in the appendix, the nonparametric approach is

generally preferred, the broad, qualitative conclusions of the two approaches are very

similar.
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2.6 Regional Stagnation

In order to consider the possibility of a regional stagnation in structural income,

we examine the three farming system regions in Ethiopia.22 We employ local linear

regressions and Bayesian penalized Spline smoothing. Descriptive statistics in Table

2.2 show that the enset area has the lowest consumption and asset index level among

the three regions. Utilizing the nonparametric and semiparametric methods that we

used in the previous section, we investigate whether or not there exist a regional

stagnation.

We first establish that growth has been strong throughout the income distribution

(in fact exhibiting clearly pro poor growth in the earlier years of the panel) consistent

with First Order Stochastic Dominance (FOSD). We then consider how to evaluate

the possible existence of a regional stagnation in structural income even under these

circumstances using two concepts: evolution of distribution over time which we apply

in section 2.6.1; and the concept of shift of equilibria over time as we employ in sec-

tion 2.6.2. We find that the household structural income distribution has improved

over time in terms of FOSD. We also indicate that the households’ structural income

dynamics have changed over two time intervals. These changed dynamics produce

the shift of equilibria over time as well. Under the evolution of structural income dis-

tributions of all regions over time, if we don’t observe positive shifts of equilibria in a

region over time while positive shifts of equilibria are observed in other regions, then

the region without the shifts of equilibria (i.e., converging to the same equilibrium

over time repeatedly), we conclude, is in stagnation. Based on this definition, we first

estimate a Rosenblatt-Parzen type density function (PDF) and cumulative distribu-

tion function (CDF) of asset indices over time, adapting the Maasoumi, Racine, and

Stengos’s (2007) kernel methods. Furthermore, we investigate whether there exists a
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difference between the asset dynamics of each region in rural Ethiopia.

The remainder of this section is organized as follows. First we estimate conditional

densities and distributions of the asset index over time in the following section 2.6.1.

In section 2.6.2, we investigate how the asset dynamics and their equilibria have

changed over time. In section 2.6.3, we explore which among the three studied regions

has the lowest level of equilibrium. The region having the lowest equilibrium may

be the strongest candidate for a regional stagnation problem. Finally, we examine

whether a regional stagnation exists in section 2.6.4.

2.6.1 Evolution of Cross-sectional Distribution

We note that mean regression approaches have limitations for analyzing the extreme

quantile of the income distribution. For example, we hardly identify the incidence of

growth of the poor over time from the mean regression approach. Here we analyze

cross-section distributions of asset indices and their evolution.

We use the probability density function (PDF) and cumulative distribution func-

tion (CDF) of asset indices to analyze how distribution evolves over time. We adapt

the Maasoumi, Racine, and Stengos (2007) kernel methods that they applied to cross-

country data, and estimate Rosenblatt-Parzen type density estimates. As in the pre-

vious nonparametric estimation, we use data driven methods of bandwidth selection,

i.e., likelihood cross-validation (LCV).

Figure 2.4 provides density functions and distribution functions for all years. The

density is a conditional asset index density conditional on year only.23 The den-

sity function in Figure 2.4a is not symmetrical, and becoming less concentrated. It

suggests the forming of a bimodal distribution, which is difficult to examine using

traditional conditional mean regression techniques. The advent of bimodality sug-

gests the multiple equilibria in the asset dynamics. Figure 2.4b represents that the
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Figure 2.4: Evolution of Asset Index Distributions

distribution in 2004 first order dominates the distributions of other years. Hence we

conclude that Ethiopia rural households have clearly improved over time. Given that

FOSD implies SOSD, the households of ERHS in 2004 have second-order stochastic

dominance over them in earlier years. That is, inequality has decreased over time

while incomes have risen, in the manner of pro poor growth. Inequality indices in

Table 3A3 also conform with our findings.

2.6.2 Shift of Equilibria

Thus far, we have identified the dynamics asset equilibria implied by the merged data

set as a whole, but as conditions change, particulary as technology progress in rural

Ethiopia proceeds, the nature of dynamic asset equilibria may change with it. In most

previous literature (Adato et al., 2006; Barrett et al., 2006), only two data points have

been used in exploring asset dynamics, but we estimate the following equation (3)

using data points over time. Hence we have an opportunity to study a sequence of
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implied equilibria.

Ai,t = f1(Ai,t−5) + f2(Xi) + ei, (3)

where Ai,t−5 is an lagged asset index of i, and t represent data time points (1999 and

2004), f(·) is an unknown functional form, and Xi contains explanatory variables.24

The estimation method is the local linear kernel regression with Epanechnikov kernel.

Bandwidths are selected by the LCV.

Figure 2.5 shows the evolution of equilibria in asset and consumption space. The

equilibrium for consumption does not vary over time; nor do the paths of dynamics

for consumption significantly differ between 1994 to 1999, and 1999 to 2004.25 But

the paths of asset dynamics are statistically significantly different from each other, as

are the equilibria. The 1999 to 2004 path of asset dynamics gives evidence compatible

with the emergence of a second equilibrium in structural income, while the 1994 to

1999 path does not.26

Furthermore, the asset index represents the structural part of income while con-

sumption includes both stochastic and structural part of income as Barrett et al.

(2006) point out. Figure 2.4 and 2.5a imply that the dynamics of the structural part

of incomes are changed with the evolution of asset distributions over time. However,

the consumption dynamics in Figure 2.5b do not appear to have changed over the

two time intervals while asset distributions have apparently evolved (their equilibrium

is not changed over time). The evidence suggests that when examining current con-

sumption, the changes in the structural part of income is masked by the changes in the

stochastic part of income. The implication is that in examining poverty persistence,

generally it would be more reliable to examine asset dynamics than consumption

dynamics.27

In Figure 2.6 the growth incidence curves are provided, which indicate that rural
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(a) Shift of Asset Dynamics (b) Shift of Consumption Dynamics

Figure 2.5: Shift of Equilibria in Asset and Consumption

Ethiopia has experienced pro poor growth over time;28 we observe pro poor growth

in both assets and consumption from 1994 to 2004. This finding conforms with

other evidence of pro poor growth in rural Ethiopia.29 In particular, there was a

large growth between 1994 to 1999 in rural Ethiopia in both structural income and

consumption.

Figure 2.6a indicates that both lower and higher percentiles of the income distri-

bution exhibit positive growth from 1999 to 2004, while the middle percentiles have

little growth.30 This may indicate that the distribution of structural income has been

in the process of evolving from a unimodal one to a bimodal one in rural Ethiopia.31

These findings conform to the implications of the evolution of distributions over time

as presented in the previous section 2.6.1. However, throughout the distribution, we

see essentially no income growth from 1999 to 2004 as seen in Figure 2.6b; this helps

explain why there was no difference in the path of consumption dynamics from 1994

to 1999 and 1999 to 2004 in Figure 2.5b.
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Figure 2.6: Evolution of Growth Incidence Curves

(a) Asset Index

0 20 40 60 80 100

0
5

10
15

Percentile

A
nn

ua
l G

ro
w

th
 R

at
e

1994−1999 Asset Index
1999−2004 Asset Index
1994−1999 mean of growth rates (7.86)
1999−2004 mean of growth rates (1.87)

(b) Consumption per Adult

0 20 40 60 80 100

0
5

10

Percentile

A
nn

ua
l G

ro
w

th
 R

at
e

1994−1999 Consumption per Adult
1999−2004 Consumption per Adult
1994−1999 mean of growth rates (4.51)
1999−2004 mean of growth rates (1.02)

26



Figure 2.5a is intrinsically a representation of a mean regression. It hardly rep-

resents the dynamics of the households located in extreme percentiles of the income

distribution. The dynamics of the households located in the lower percentile of the

income distribution may well be different from those in the higher percentiles of

the income distribution. Hence, we adapt a nonparametric quantile regression pro-

posed by Li and Racine (2008).32 Figure 2.7 shows asset index dynamics of the 25th

percentile and 75th percentile nonparametric quantile regression. The bandwidth se-

lection method for our kernel quantile regressions follows the case of conditional PDF

estimation making use of the Hall et. al.(2004) bandwidth selector.33

Figure 2.7a shows that the 1999 to 2004 path has a lower equilibrium than the

1994 to 1999 path, while Figure 2.7b shows that both paths have (statistically) the

same equilibrium.34 Figure 2.7 indicates that households in the lower percentiles

of the income distribution have a lower equilibrium asset level in the later period,

while households in the higher percentiles of the income distribution do not. This

phenomena may be related to the appearance of bifurcation of the economy in rural

Ethiopia from 1999 to 2004. In addition, the lower growth rate of the lower percentiles

from 1999 to 2004 as seen in Figure 2.6a may drive the result that 1999 to 2004 asset

dynamics of the 25th percentile quantile regression has a lower equilibrium than 1994

to 1999 dynamics as seen in Figure 2.7a.

In conclusion, the evidence indicates that there was not only a pro poor growth

in rural Ethiopia but also transition of the economy from a unimodal distribution of

the structural income to a bimodal distribution. We note that the decrease in growth

rates during the time interval from 1999 to 2004, relative to the interval from 1994

to 1999, negatively affects the lower income households, but not the higher income

households.
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(a) 25 % Nonparametric Quantile Regression (b) 75 % Nonparametric Quantile Regression

Figure 2.7: Shift of Equilibria in Asset along Distribution

2.6.3 Comparison of Equilibria among Farming System Regions

To find a candidate region suffering from a regional stagnation, we estimate Ait =

m(Ait−1) + εi at each farming system region by both local linear regression and

Bayesian spline that we used in the previous section.35 Figure 2.8a and 2.8b shows

asset dynamics across the three farming system regions. The enset growing area

has the lowest single stable equilibrium and their dynamics are distinguished from

the other areas’ statistically significantly.36 From the partial linear mixed model, we

also observe that the enset growing area has the lowest equilibrium. The results are

shown in Figure 2A5 in the Appendix. All the estimation methods above indicate

that the enset area has the lowest equilibrium, around 1.7 livelihood-weighted asset

index units. Translating this number into Purchasing Power Parity (PPP) provides

$1.18 per day.37
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(a) Local Linear Regression (b) Bayesian Spline

Figure 2.8: Comparison of Equilibria across Farming System Regions

2.6.4 Regional Stagnation: The Enset Area

We find that rural Ethiopia has been in the process of evolving in terms of the

structural income distribution. By estimating the cross-section models over time, we

have observed the shift of short-term equilibria in the case of using all information of

the areas we study in section 2.6.2. In addition, we find that the enset area has the

lowest equilibrium among the three regions as in section 2.6.3.

Comparing results from each period to period transition, we find that equilibria are

not statistically significantly different in the enset area (see Figure 2.9). By contrast,

Figure 2.5a and Figure 2.4 using the full data implies different equilibria over time,

and evolution of asset distribution, respectively.38 The enset growing area is the

most deprived area, which has poor environments to grow most crops. Moreover, the

institutions of Ethiopia hinder households’ mobility between regions as mentioned

previously.39 After crossing the 45 degree line, their dynamic paths overlap. Before
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Figure 2.9: Shift of Asset Dynamics: the Enset Growing Area

crossing the 45 degree line, the dynamics differ due to the pro poor growth in rural

Ethiopia in the 1994-1999 period. Even though the dynamics of the poor groups

differ, both the 1994 to 1999 and 1999 to 2004 dynamic paths have a statistically

identical single stable equilibrium. We may interpret this stability of the equilibrium

as implying a regional stagnation.40 Moreover, the implied equilibrium of around 1.7

is lower than $1.25 a day in Purchasing Power Parity.41

In conclusion, we find that the decrease in the growth rates affects the lower

income households negatively, but not the higher income households. In addition, we

find that the most deprived area is in a regional economic stagnation.

2.7 Concluding Remarks

This paper has presented three ways to characterize the existence of a poverty trap:

as inferior outcomes in multiple equilibria environments; as impoverished single equi-

libria; and more generally as a sequence of low income equilibria without a positive
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trend. The recent literature has concentrated almost exclusively on the first charac-

terization (multiple equilibria). Low-income single equilibria are another traditional

way of thinking about poverty and also add value. The third characterization (a se-

quence of implied equilibria) has not been introduced in the previous literature. We

employed household survey data from rural Ethiopia to investigate the presence of

poverty traps according to each of these characterizations.

Examining the first five-year period, we find strongly pro poor growth. Indeed,

this was one reason for our selection of these data to study poverty dynamics. In

some contrast, the second five years evidenced reduced growth, with weaker evidence

of pro poor growth.

In this research, unlike a number of previous studies, we found only very limited

evidence of multiple equilibria utilizing the nationally representative rural sample as

a whole. With our battery of tests, we would certainly have identified the second (or

additional) equilibria if it were present. This is not due to oversampling of very poor

people; the data set comprise a random sample of households in the region. On the

other hand, rural Ethiopia is a very poor environment, so there may be very few or no

observations of income levels high enough for the higher equilibrium to “form” (or to

emerge empirically). But, as incomes rise a second, higher equilibrium may emerge.

In fact, some intriguing evidence that this is a possibility was found when we split the

sample into two equal time periods. We present evidence of a shift toward a bimodal

asset distribution consistent with the emergence of multiple equilibria (and indeed

an examination of comparative growth rates is suggestive that a second equilibrium

is indeed in the process of formation). In particular, using nonparametric bootstrap

methods over the second five-year period, we find two statistically significant stable

equilibria. These findings open up a new avenue for research on the dynamic nature

of changes in equilibria over time, and indeed the potential opening up of additional
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equilibria in the process of structural transformation, or of the transition of regions

out of structural poverty and into new opportunities for improved livelihoods.

The decrease in growth rates in the second time interval may differentially affect

the dynamics of the poor households. We adapt nonparametric quantile regression

techniques and estimate 25th and 75th percentile quantile regressions. For the 25th

percentile quantile regression, the equilibrium of the second time interval is lower and

statistically different from the first time interval. In contrast, for the 75th percentile

quantile regression, the equilibrium of the later periods is not statistically different

from that of the earlier periods. Although we cannot demonstrate causality, this

suggests that the decrease in growth rates during the time interval from 1999 to

2004, relative to the interval from 1994 to 1999, negatively affects only the poor, but

not the non-poor, in the long run equilibrium.

Finally, we split the sample into three agro-ecological regions. We broaden the

analysis to consider an extended poverty trap concept, in which implied equilibria

are potentially shifting over time in general, but for a sequence of implied equilibria

the poor remain in poverty throughout the sequence. We find that the most deprived

region is (repeatedly) in a low-level stagnant equilibrium in this sense.

In sum, under an expanded range of poverty trap concepts, splitting the data

into time intervals allowed improvements in the characterization of the dynamics of

extreme poverty. Analyzing sequences of single but low equilibria, and allowing for

shifts of dynamic income paths, highlighted a larger set of potential “poverty trap”

conditions.

In fact, while more research is needed, the analysis provided hints that a mech-

anism for escape from structural poverty is the emergence of a second equilibrium

when one had not existed previously.
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Notes

1The asset index enables a reduction of dimensions. We compare results with changes in con-
sumption dynamics between time intervals in section 2.6.2.

2We adapt alternative estimation methods utilizing the GNU Software R for statistical computing
and graphics using ConfBands (Krivobokova et al., 2009), np (Hayfield and Racine, 2010), plm
(Croissant, 2010), quantreg (Koenker, 2009), and SemiPar (Wand et al., 2005) packages.

3Our aim is not to find the cause of the geographic trap. Instead, we examine features of an
economy (Ethiopia in our case) in which regions may be in a stagnation, while other regions are
showing growth.

4Under the assumption that labor productivity and earnings are zero at a low but positive level
of consumption, the worker will be productive only if consumption rises above a threshold level.

5The household is only willing to give up current consumption to invest if its income exceeds a
critical threshold level.

6There exist other explanations of poverty traps such as dysfunctional institutions (Bowles, 2006),
neighborhood effects (Borjas, 1995; Sampson and Morenoff, 2006), incomplete markets including
household and government impatience (Azariadis, 2006), kin systems (Hoff and Sen, 2006), and
social interaction effects such as peer and role model effects (Durlauf, 2006).

7If a bandwidth approaches to ∞, the estimates are represented by a straight line.
8According to International Monetary Fund’s World Economic Outlook Database, purchasing

power parity per capita income of Ethiopia is $360 in 1994. By 2004, the purchasing power parity
income per capita had risen to $560.

9We exclude Round 2 primarily due to problems of comparability. The survey was conducted
in the Bega (long dry) season (in 1994/5). Seasonal analysis using the panel revealed rather large
seasonal fluctuations in consumption, seemingly linked to price and labor demand fluctuations (Der-
con and Krishnan, 2000a,b; Dercon, 2004). In Round 4, six villages were also surveyed in the Bega
period.

10According to Dercon and Hoddinott (2009), the Westphal (1976) and Getahun (1978) classifi-
cations are used to divide Ethiopia into agro-ecological zones based on the main farming systems.

11The regional borders of the map are drawn by R package “maptools” using the Global Ad-
ministrative Areas data from “http://www.gadm.org”. The regions are based on prior research on
Ethiopia.

12In addition, this area includes Doma, which is a resettlement area.
13Dercon and Ayalew (2007) use the Ethiopia Rural Household Survey (ERHS) between 1994 to

2004 to examine whether land rights affect household investment decisions.
14Barrett et al. (2006) note that under serially independent stochastic components, poor draws

in one period are offset by better draws in subsequent periods and vice versa; moreover, stochastic
incomes are likely to exaggerate income inequality in cross sectional analysis; finally, using current
income may generate spurious economic mobility in longitudinal analysis.

15Following Adato et al. (2006), we estimate the following equation:

Λivt =
∑
j

βj(Aijvt)+
∑
j,k

βk(Aijvt)(Aikvt)+
∑
j

αjHijt+
∑
v,t

δv(Ψv)(Υt)+
∑
v

φvΨv+
∑
t

γtΥt, (4)

where Λivt is household consumption expenditure divided by the money value of the household’s
subsistence needs. We use a value of 50 Birr per month per adult: Dercon and Krishnan (1998,
p.10) calculated the average food poverty line using the ERHS price survey for 1994 as 40.7 birr per
adult equivalent unit; consumption is adjusted to the 1994 price. The dependent variable equals
one if consumption exactly equals the poverty line. The coefficients of the regression give the
marginal contribution to livelihood of the j different assets. Aivt includes the key asset variables–
human capital (education year of household head) and productive capital (hectare of land, tropical
livestock units, total number of crop tree, and value of productive assets) per adult, where the adult
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equivalent unit is adopted from Table A.5 of Dercon and Krishnan (1998, p.44). The regression
includes household characteristic variables, Hit: gender of head and age of head. In addition, all
asset variables are second order polynomially expanded and interacted. To control for location and
time specific effects, village and time dummies are included. In addition, the interacted terms of
time dummies and village dummies are included to control for village specific transitory effects.

16Before applying local linear regression following the tradition in the previous literature, we test
the null hypothesis that the following parametric linear model, (5), is correctly specified using the
consistent model specification test described in Hsiao et al. (2007) that admits both categorical
and continuous data. Most previous studies with a parametric estimation method use third degree
polynomial function of parametric method (see, for example, Jalan and Ravallion (2004) and Lokshin
and Ravallion (2004)). Barrett et al. (2006) use a 4th degree polynomial function.

Ait = β0 + β1Ait−1 + β2A
2
it−1 + β3A

3
it−1 + β4A

4
it−1 +Xα+ εi, (5)

where X includes age of head, household size, and gender of head. This linear model is rejected by
the data (the test statistic Jn is 11.65779 and the p-value for the null of correct specification is 0.00,
which is estimated by 400 bootstrap replications.). Hence we estimate this relationship using kernel
methods. In the traditional nonparametric approach including plug-in rules for bandwidths, the
presence of qualitative variables requires splitting of data into subsets containing only the continuous
variables of interest because general formulas are not available from the plug-in rules for mixed data.
However, in our analysis we do not have to split the sample as we adopt the cross-validation approach
recently proposed by Hall et al. (2004) and Li and Racine (2004). Thus our estimation provides an
efficiency gain from the sample size over previous research using a split sample.

17Here we use fixed type bandwidths, which are constant over the support of the variables. The
fixed type bandwidths of asset index, age of head, gender of head, and household size for asset index
dynamics are respectively: 0.3429, 3.5533, 0.25, and 1.8770. The total number of observations used
are 4,400 ; and the adjusted R-squared is 0.5635.

18Likelihood cross-validation (LCV) results in estimates that are close to the true density in

terms of the Kullback-Leilber information distance
∫
f(y|x) log f(y|x)

f̂(y|x)
dy where f(y|x) represents the

conditional density function. Details are found in Silverman (1986, pp.52-55).
19We use 500 replications. We also estimate confidence band based on Politis and Romano’s (1994)

stationary bootstrap to take care of “cross correlation”. The results are reported in Figure 2A1 in
the Appendix.

20The 6 Birr per adult per day is computed based on household consumption expenditure divided
by the money value of the household’s subsistence needs. We set 50 Birr as the subsistence needs
when we estimate a livelihood asset index. That is, the implied consumption expenditure per adult
at equilibrium is 3.6×50=180 Birr per month. Each adult equivalent unit consumes $1 per day
using an annual official exchange rate, which is about 6 birr per dollar in 1994 according to the IMF
International Financial Statistics. In 2004, the rate was 8.65 birr. Using World Bank purchasing
power parities (PPP) conversion factors (http://www.worldbank.org/data), 2.4 Birr is equal to $1
in 1994. Thus, the long-run equilibrium represents $2.5 in terms of PPP. As can be seen in Figure
2.3a, most current incomes are far below this equilibrium value.

21Adaptive nearest-neighbor bandwidths change with each sample realization in the set, xi, when
estimating the density at the point x. Using an adaptive nearest neighbor bandwidth type helps avoid
undersmoothing in some part of the range and oversmoothing in another, but the computational
time burden is very heavy.

22The three areas are the grain-plow highlands, the grain-plow/hoe complex, and the enset growing
area, as shown in Figure 2.2. A regional stagnation means that a region is in stagnation, even if
other regions are not.

23Following Maasoumi et al. (2007), by modelling the joint distribution of asset index and year
and then conditioning on year, we obtained a kernel density estimate having improved finite sample
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properties relative to the traditional univariate kernel density using the split subset of the data.
24There is an analogy here to a typical income growth regression such as applied to cross-country

growth studies by Barro (1991).
25Confidence bands are estimated by 500 bootstrap replications.
26Again there is an analogy to the development of a national economy. Azariadis and Stachurski’s

(2003; 2005) conclude that the long-run income distribution is unimodal, but that bimodality appears
during the transition. We observed that the distribution of asset index has bimodality in the previous
section 2.6.1.

27As a robustness check, we estimate the specification with control variables. Figure 2A3 in
the Appendix shows the asset dynamics, in which we control for the average of age of head and
household size between the two periods, and gender of the household head. The estimated results
show essentially the same pattern.

28The growth incidence curve (GIC) proposed by Ravallion and Chen (2003) calculates the growth
rates in consumption per capita at each percentile point along the consumption distribution.

gt(p) =
yt(p)− yt−n(p)

yt−n(p)
, (6)

where gt(p) is the growth rate in expenditure y of the pth percentile between t and t − n. If the
growth rates are positive at all percentiles up to some poverty line z, then poverty has fallen for all
poverty lines up to z and growth has been pro poor up to point z. The rate of pro poor growth is
defined as the area under the GIC up to point z. We obviously face a higher rate of pro poor growth
if the GIC shifts upward at all points along the expenditure distribution up to point z. Hence, the
rate of pro poor growth represents the absolute expenditure or income growth of the poor.

29This is noted by Dercon (2000, pp. 18-19) and Geda et al. (2009, pp. 964-966).
30Note: Confidence bands are computed by 1000 bootstrap replications.
31Inequality measures in Table 3A3 indicate a decrease in inequality, which may be attributed to

the relatively higher growth for the poor.
32The previous literature (Yu and Jones, 1998; Honda, 2000) does not include discrete compo-

nents as explanatory variables. Also He, Ng, and Portony (1998) and He and Ng (1999) examine
nonparametric quantile estimation using smoothing splines. The spline method is much faster than
kernel methods in computing time while it is hard to get data driven smoothing parameters in an
additive spline quantile model by minimizing Schwarz Information Criterion (SIC) (Koenker, 2010,
p.15).

33Details are in Li and Racine (2008, pp.6-7).
34We use a fixed type of bandwidth, which is estimated by likelihood cross-validation (LCV),

utilizing a Gaussian kernel. In addition, we don’t estimate the bootstrap confidence band of the
1999 to 2004 path because it already passes through the confidence bands of the 1994 to 1999 path.

35For simplicity, we do not include the explanatory variables.
36The confidence bands are also estimated by 500 bootstrap replications in the local linear case.

The Bayesian credible band is estimated using 20,000 sampling and 2,000 burn-in.
37We use the same conversion factor as in endnote 20.
38Fixed type bandwidth are selected by likelihood cross-validation. We use lag of asset index, age

of head, gender of head, and household size as explanatory variables. Bandwidths are 0.3284975,
9.2659938, 0.2495202, 2.5481930 respectively in the 1994 to 1999 path. The 1999 to 2004 path uses
the same methods.

39Jalan and Ravallion (2002) also point out that a reason of a geographic poverty trap is “restric-
tions on labor mobility.”

40As a robustness check, we explore whether the dynamics of other areas also converge to the
same equilibrium over time or not, estimating the same model above for the highlands area. The
estimated dynamics are in Figure 2A6 in the appendix, which provides different dynamics from

35



Figure 2.9 for the enset area. The results also support that only the enset area has experienced a
regional stagnation among other areas.

41The implied equilibrium is approximately $1.18 a day in terms of PPP.
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Chapter 3: Multidimensional Poverty and Interlocking Poverty Traps:

Framework and Application to Ethiopian Household Panel Data

3.1 Introduction

Conditions of poverty often appear to be the very conditions that make escape from

poverty so difficult: challenges posed by such self-reinforcing mechanisms, often called

vicious circles, or poverty traps, are an enduring theme of the poverty and develop-

ment literature. A substantial body of economic theory has demonstrated the es-

sential logic of this possibility. But taken as a whole, empirical findings on whether

poverty traps actually exist have been inconclusive. Recently, the focus of the poverty

measurement literature has turned from single to multiple dimensions of poverty

(Alkire and Foster, 2011). This paper extends the analysis of one poverty trap to

simultaneous potential traps, and introduces an econometric analysis of multiple di-

mensions of chronic poverty and potentially interlocking poverty traps.1

In recent years multiple and interlocking poverty traps have been used as a case-

study based term for a region, village, or family with two or more distinct poverty

problems. Plausibly, the simultaneous presence of different types of poverty traps

makes poverty reduction for the extremely poor more difficult. For example, low

farm assets, poor nutrition, and illiteracy may each cause income gains to be slow.

Moreover, relaxing one of these constraints may result in few gains because another

constraint is quickly reached; and then progress on the first problem may even be

undermined or reversed. These conditions may reinforce each other; in a well-known

37



framework (Dasgupta, 1993), saving to build assets may be difficult when food is

the priority (which we may call a low asset trap), but poor nutrition itself keeps

productivity and hence incomes low (an undernutrition trap).2

Based on insights gained from their direct field experience and other reported case

studies, and some evidence on impact, policymakers and practitioners have often im-

plemented approaches to help address poverty which is multidimensional in character,

taking into account that some dimensions of poverty may essentially interact so as to

reinforce the chronic incidence of some or all of the individual dimensions. Among

government-sponsored programs, Mexico’s pioneering Opportunidades-Progresa and

many subsequent conditional cash transfer programs operate on the assumption that

undernutrition, poor-health, low schooling, and child labor are interrelated. The in-

terrelated provision of income support, health, and schooling is a common feature

of these programs. A number of well-known NGOs providing microfinance such as

BRAC have integrated provision of credit with health, training, education, and legal

services.3 Grameen, despite sometimes being described as a “minimalist” supplier of

credit alone, has in fact also provided training, and encouraged behavioral change.

There is some evidence that integrated programs can be effective.4 But the econo-

metric literature to date has not systematically analyzed the incidence of multiple

dimensions of poverty that can be mutually reinforcing.

Our approach is to test an implication of the multidimensional trap framework by

comparing structural income dynamics across groups. We find that in the poorest of

our three regions, those with both chronic undernutrition and illiteracy have the lowest

implied equilibrium; those with one of these chronic conditions have intermediate (but

still deeply poor) equilibria; and those without either condition have the highest asset

equilibrium. Our methods may be useful in other settings to inform program design

and policy priorities.
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The remainder of the paper is organized as follows. Section 3.2 covers basic the-

ories of multidimensional poverty traps. We examine how multidimensional poverty

traps may be mutually reinforcing given complementarities of inputs in household

production functions. An empirical literature review on poverty traps is presented in

section 3.3. In section 3.4, we introduce the Ethiopia Rural Household Survey (ERHS)

and provide descriptive statistics for our main indicators of interest. Section 3.5 ex-

amines problems of identifying differences in implied equilibria for all households,

combined from all the agro-ecological regions, in either illiteracy or undernutrition

traps. Section 3.6 utilizes semi- and non-parametric methods to distinguish regional

and subgroup cases where no multidimensional poverty is present, where multidi-

mensional poverty is present but these traps do not exhibit complementarity, and

where complementarity among poverty traps are present. Furthermore, we investi-

gate the plausibility that two or more traps are mutually reinforcing; we adopt the

term “interlocking” poverty traps for this type of interaction. We conclude in section

3.7.

3.2 Multidimensional Poverty Traps: Conceptual Framework

Poverty traps have been studied within consumption and asset space as a vicious

circle, or Pareto-dominated equilibrium. Many theoretical contributions have studied

thresholds in asset or capital accumulation that effectively constrain the household

from further growth of income as seen in Figure 3.1. Proposed explanations of thresh-

olds are various: for example, nonlinearity in the relationship between nutrition and

productivity (Leibenstein, 1957; Stiglitz, 1976; Dasgupta, 1997), and liquidity con-

straints faced by households (Loury, 1981; Galor and Zeira, 1993), among others.

These explanations are related to incomplete markets and under some conditions

generate multiple equilibria so that poverty can be persistent if any shock reduces
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current income below the unstable equilibrium. A parallel tradition has in effect

treated curve A in Figure 3.2 as a single-equilibrium poverty trap with convergence

to a low-level equilibrium below the poverty line Z.5
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Figure 3.1: Multiple Equilibria
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Figure 3.2: Single Stable Equilibrium

The presence of multiple deprivations also appears in basic assets, education

and/or health components of the new United Nations Development Programme Mul-

tidimensional Poverty Index, that reflects the view that poverty is multidimensional,

incorporating multiple aspects. (See Anand and Sen (1997), Alkire and Foster (2011),

and UNDP (2010).) In the dual cutoff method, for each household it is first deter-

mined whether deprivation in each element is sufficiently severe to be deemed deprived

in that element (in UNDP practice this indicator is binary but it could be made con-

tinuous with a set threshold such as z-scores as we use in this paper). But only

when a sufficient number of deprivations have been counted are individuals in the

family deemed multidimensionally poor. This procedure results only in a measure of

the existence and extent of poverty. However, it is plausible that severe and chronic

deprivation in more than one dimension interacts and increases the difficulty of mov-

ing out of poverty across each of the component deprivation. Thus, this paper is

complementary to the new research on multidimensional poverty and contributes to

taking a step beyond measuring multidimensional poverty to examining its potential
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effects. These effects are likely to differ depending on the type and severity of the

deprivations and the degree to which they interact (or act as complements in keeping

individuals trapped in poverty).

Moving from concepts of poverty measurement to an examination of conditions

under which some forms of poverty traps may emerge, we start with the observation

that, potentially, characteristics of asset equilibria differ across regions and across

types of deprivations. Moreover, an economy that behaves with the properties of a

local trap given current conditions may not behave similarly after conditions change

(such as a sufficient increase in average national income raising demand, or newly

available farming technologies). In this regard, observing poverty traps in more than

one asset or welfare indicators in one region may predict more poverty persistence

than in another region with just one deprivation, when other conditions in the wider

economy improve. Moreover, an estimated equilibrium above the poverty line for a

given region may effectively assume that complementary factors are correspondingly

increased, but in the presence of other constraints the poor may be prevented from

acquiring the needed achievements, such as acquiring requisite complementary skills.

With these motivations, we proceed to expand the one dimensional model of

income dynamics to a multidimensional model. Defining household assets broadly to

include human capital and other resources, the following is the system of household

asset growth functions.



Yit

R1it

R2it

...

Rmit


=



f(Yit−1, R1it−1, R2it−1, ..., Rmit−1, Xit)

g1(Yit−1, R1it−1, R2it−1, ..., Rmit−1, Xit)

g2(Yit−1, R1it−1, R2it−1, ..., Rmit−1, Xit)

...

gm(Yit−1, R1it−1, R2it−1, ..., Rmit−1, Xit)


, (7)
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where Yit is the household current income, Rjit is amount level of current resources,

j = 1, 2, ...,m, of each household, i = 1, 2, ..., n. Resources and household income

level at t − 1 determine both current income level (Yit) and current level of each

resource (Rjit). Xit includes exogenous characteristics. If households’ income only

fulfills their poverty level of consumption, the households are more likely to be trapped

in income and resources, since the households cannot save sufficiently to invest for

future resources. As a result, there are inadequate resources to increase nutrition,

education, and so on. Hence, m + 1 dimensional poverty traps could appear. If two

or more traps are present simultaneously, we term this a multidimensional poverty

trap. If they are also mutually reinforcing through complementarity, we term them

“interlocking” poverty traps. This method can help determine the larger or smaller

sets of combinations of deprivations that have a large functional impact on poverty

persistence and severity in a given region.

The presence of multiple human capital deprivations may function as a self-

reinforcing mechanism which causes low human capital accumulation – “and hence

poverty –” to persist. Under-nutrition (or very low health capital generally) may

lower the return on investment in education: for example, under-nutrition reduces

school attendance; and undernourished children perform poorly even if they are able

to attend school; and undernourished individuals are less able to productively use

education at any point in life. On the other hand, public health and nutrition pro-

grams are likely to be unsuccessful when intended beneficiaries are illiterate, and lack

of schooling means children are not taught basic personal nutritional guidelines, hy-

giene, and sanitation. Chronic deprivation of one form of human capital therefore

can lead to disincentives to invest in other forms of human capital; and this problem

can be decisive at very low levels of consumption when any saving is challenging.

Note that we are describing individual investment incentives and constraints - even
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before considering complementarities across individuals that could compound the dif-

ficulties. Moreover, the combination of human capital deprivations may reduce the

potential benefits of other forms of asset accumulation, even if some savings resources

were available.

Our empirical approach allows for the possibility that lack of one type of asset or

capability can be made up for (substituted) by other assets - but only to a degree, as

a sufficiently large set of missing assets together function as complementary inputs.

For example, health and education to a degree might act as substitutes for each

other in allowing the accumulation of assets, but when both are lacking this may

prevent accumulation. For the very poor, the lack of a resource such as health or

education can through strong complementarity change the household asset growth

function. This reflects that the very poor are more likely to own few resources that

can function as substitutes after some point. In the extreme, lack of one resource

even prevents the resources that the poor household have from providing more than

negligible productivity.

In this paper, then, we also investigate the existence of interlocking poverty traps

by exploring the existence of such complementarities. In the range of extreme poverty,

household assets such as health, nutrition, education, and farm capital, may function

as strong complements in equation (7).

3.3 Empirical Literature Review

Empirical research into multiple equilibria even with a single indicator of interest has

begun fairly recently (Jalan and Ravallion, 2001, 2002; Dercon, 2004; Lokshin and

Ravallion, 2004; Lybbert et al., 2004; Adato et al., 2006; Barrett et al., 2006; Naschold,

2009; Campenhout and Dercon, 2009). Both parametric and semi/nonparametric es-

timation methods have been used to estimate poverty dynamics but almost exclusively
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only in either income or asset space. However, poverty traps could appear in other

dimensions. Hoff and Stiglitz (2001) point out that ‘low-level equilibrium traps’ can

occur due to lack of other indicators of welfare (for example, lack of political freedom

or institutions).

Just a few studies have investigated whether a single dimensional poverty trap

exists in other dimensions beyond income and assets.

For example, Emerson and Souza (2003) present empirical evidence on the inter-

generational persistence of child labor using the 1996 Brazilian Household Survey.

They find that parental child labor significantly increases the probability that their

child will work in the labor market, and that the more years that parents worked as

children, the greater their own children’s likelihood of entering the labor force. In

addition, they find that past child labor significantly reduces current income (which

increases the incentive, or the necessity, for child labor also from the following gener-

ation).

Mayer-Foulkes (2008) presents existence of a human capital accumulation trap in

Mexico using the 2000 National Health Survey (ENSA 2000); he finds that schooling is

an important factor for adult income; that the schooling experience of parents signif-

icantly affects the schooling decision of adolescents; and that the shapes of schooling

year distributions over time have double-peaks. He proposes that the composition of

all three findings support the existence of multiple equilibria in human capital space.

Jha et al. (2009) use the data from the National Council for Applied Economic

Research (NCAER) and test for the existence of an undernutrition trap in rural

India. They focus on agro-climatic zones to acquire homogeneity (i.e. agricultural

activity). Using Heckman’s (1976) sample selection model, they estimate the impact

of micronutrient consumption on wage rates over various categories of work, and find

some evidence of undernutrition traps.
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As proposed in section 3.2, however, the extremely poor could have two or more

poverty traps simultaneously, which can interact complementarily to hinder the ac-

cumulation of household assets. Therefore, we introduce idea of multidimensional

poverty traps to this literature, including the examination of complementarity across

traps, which we call interlocking traps.

3.4 Data: The Ethiopia Rural Household Survey

This study uses Ethiopia Rural Household Survey (ERHS) data set6: First, per capita

income in Ethiopia is one of the lowest in the world7; yet, rural Ethiopia has experi-

enced “pro poor” growth.8 We have opportunities to examine conditions under which

the poor might be escaping from poverty traps. ERHS contains information that can

be used to explore multiple traps beyond income and assets, including basic health

and basic education. These might help us understand why some families and regions

might fail to benefit even in a general national environment of pro poor growth.

ERHS is publicly available by International Food Policy Research Institute (IF-

PRI). ERHS studies 1,477 households residing 15 villages, stratified in three agro-

ecological zones of Ethiopia.9 Households are randomly selected within each village.

In the data, population shares are broadly consistent with the population shares in

the three main sedentary farming systems, which are the grain-plow complex high-

lands, the grain-plow/hoe complex, and the enset growing area. Figure 3.3 represents

the survey sites and 3 categories according to farming systems in rural Ethiopia.10

Land is owned by the state in Ethiopia due to socialist backgrounds, though

utilization of land is a key to economic activity in Ethiopia. Thus, when households

migrate to another region, they have a difficulty in acquiring land from an unfamiliar

peasant association. Naturally mobility is highly restricted. Moreover, due to insecure

land holding system farmers do not have an incentive to invest in lands. Thus, farmers
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Figure 3.3: Ethiopia Rural Household Survey Villages

have low productivity from land and perpetuating low growth. At the end they stay

in poverty.11

We first investigate changes in poverty from 1994 to 2004 over the 3 agro-ecological

regions. Table 3.1 presents the 1994 and 2004 poverty measure for the ERHS sample

of 1,254 households.12 Comparing the 1994 measures with the measures in 2004,

we find that the expenditure based poverty measures decreased. The head count

measure decreased from 56.8% to 41.0%. In addition, the FGT poverty severity

measure decreases from 0.152 to 0.082 over time. Comparing the poverty measures

across the 3 regions, we find that the enset area has the largest population suffering

from poverty. The basic head count measure of the enset area is almost twice that of

the highlands area in both 1994 and 2004. Even though rural Ethiopia experienced

the pro poor growth, Table 3.1 suggests that the poor in the enset area have tended

to stay poor. That is, the poor fail to escape from poverty over time even with pro

poor growth.

To date, the econometric literature on poverty traps has focused on the presence

of one dimensional trap, indexed by a single variable, generally an asset index or
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Table 3.1: Poverty Measures from 1994 to 2004

Head Count Poverty Severity (FGT P2) Rate of Pro poor Growth
Areas 1994 2004 1994 2004 1994-2004
Highlands 38.6(%) 27.6(%) 0.067 0.046 1.88
Hoe 65.4(%) 41.4(%) 0.179 0.071 4.95
Enset 70.4(%) 58.1(%) 0.231 0.142 3.56
Population 56.8(%) 41.0(%) 0.152 0.082 3.62
Number of Households 1254 1254 1254 1254
a Poverty lines are set by real consumption of 72 Birr per adult equivalent per month, which is equivalent to $1 per day
in 1994.
b Rate of pro poor growth is the mean of growth rate at each percentile of the expenditure distribution up to the headcount
poverty measure. The numbers are estimated, following Ravallion and Chen (2003). The numbers measure how much
the poor is benefiting from growth.
c The poverty severity measure, 1

N

∑M
i=1( z−yiz )2, was developed and axiomatically justified by Foster et al. (1984).

consumption. Barrett et al. (2006) present that current income and consumption

is not sufficient to identify chronic poverty since this flow includes both structural

and stochastic components of income simultaneously. Using the structural part of

income, (i.e. assets), has an advantage for analyzing chronic poverty and poverty

traps. Therefore, we estimate an asset index, which provides a proxy for household

structural income.13

For present purposes, we have defined an illiteracy trap as remaining illiterate

throughout the five periods.14 In addition, we construct an undernutrition trap vari-

able using anthropometric data.15 After comparing the indicators, we adapt the

z-scores of BMI-for-age from the widely used 1990 British Growth Charts to generate

an undernutrition trap status variable.16 The z-score of BMI-for-age is represented

as

z-score(BMI/Age) =
BMIijk − Median BMI

reference population
jk

S.D.
reference population
jk

, (8)

where BMIijk represents the BMI of an individual i, i = 1, 2, ..., n whose age is k and

whose gender(male/female) is j. We define a household as trapped if any members

have BMI-for-age z-scores < -2 throughout the sample.17 Using this simple definition,

we find that 17.9% of the full sample are trapped.18

Based on poverty trap status, we examined whether households have different
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Table 3.2: Average Asset Index with Status of Poverty Traps

(1) (2) (3) (4) (5)
Undernutrition trap Illiteracy trap Non-Trapped Single trapc Double trapsc

Non-Trapped Trapped Non-Trapped Trapped
Full sample 2.322 (82.1%) 1.672 (17.9%) 2.252 (49.5%) 2.040 (50.5%) 2.363 (45.6%) 2.104 (54.6%) 1.588 (12.1%)

The Highlands 3.009 (89.9%) 2.644 (10.1%) 2.903 (54.4%) 2.951 (45.6%) 2.964 (50.6%) 2.914 (49.4%) 2.717 (6.4%)

The Hoe 2.072 (84.0%) 1.724 (16.0%) 2.120 (43.9%) 1.977 (56.1%) 2.229 (39.4%) 1.979 (60.6%) 1.747 (11.4%)

The Enset 1.544 (70.8%) 1.229 (29.2%) 1.631 (49.5%) 1.268 (50.5%) 1.701 (44.0%) 1.379 (56.0%) 1.103 (18.6%)

Observations 4,817 1,048 2,255 2,303 1,826 2,179 553
aThe proportion of the households having each trap status is in parenthesis.
bWe only use the observations that we can identify both undernutrition and illiteracy trap status to define a single trap and
double trap (n=4,558). The reason is that if we know the information of only a single trap, the trapped households may have
another trap that we fail to identify. Hence, we only use the cases that both trap status are identified. As a robustness check,
we include all the cases that we fail to identify either illiteracy or undernutrition trap in Table 3A6.
cSingle trapped households in the fourth column represent the households that have only one trap regardless of undernutrition
and illiteracy. Double trapped households have both illiteracy and undernutrition trap simultaneously.

patterns of structural income levels. We use a simple t-test and the Epps-Singleton

test for whether both trapped groups have the same mean and the same distribution,

respectively. (See Tables 3A4 and 3A5 in the Appendix for detailed estimates.) We

find that in the highlands area a household in an illiteracy trap does not have lower

structural income (p-value is 0.7921) than those not trapped, while structural incomes

in the other areas differ significantly depending on trap status. The difference of av-

erage asset index in the highlands area is 0.05, while other areas has larger difference:

0.15 and 0.37 for the hoe and the enset areas, respectively. We note, however, that

the distribution of structural income in the highlands area varies significantly depend-

ing on illiteracy trap status at any conventional level. Moreover, a household in an

undernutrition trap has lower structural income regardless of the region. In addition,

we find that the distributions of the trapped and non-trapped household incomes are

significantly different within each region, and across the traps. Moreover, we find

that the illiteracy and undernutrition traps are significantly positively correlated.19

Table 3.2 shows the average structural income according to trap status. Trapped

households have lower structural income levels than non-trapped households. In par-

ticular, comparing the difference of the average structural income between the il-
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literacy trapped group and the non-illiteracy trapped group across regions, we find

that the difference is largest in the enset area; the difference is the smallest in the

highland area. These findings suggest that an illiteracy trap affects the asset level

heterogeneously over the income (or regional) distribution. In contrast, comparing

the difference of the average structural income between the undernutrition trapped

group and the non-undernutrition trapped group across regions, we find that the dif-

ference is around 0.35 over the three regions. This implies that an undernutrition

trap affects the asset level uniformly.

In addition, comparing the proportion of trapped households within each region,

we find that the highlands area has the smallest proportion in each trap. The enset

growing area has largest proportion in undernutrition and double traps relative to

two other areas.20 Given that households may have an incentive to invest more

in education if access to and accumulation of other assets is difficult, the smaller

differences in the proportion of households in an illiteracy trap across regions can be

explained. Households in the most deprived area may have more incentive to invest

in education if the rate of return on schooling is high under the assumption that

assets are substitutes. Therefore, the illiteracy trapped households seem to have a

somewhat different set of characteristics from those in an undernutrition trap.

The column (3) provides the average asset index level of non-trapped households.

The highlands area has the highest asset holding level, while the enset area records

the lowest level. The column (4) in Table 3.2 represents the average structural in-

come (asset index) of households with a single trap, regardless of what kind of traps

households have. First, note that the difference between asset levels of single-trapped

(column (4)) and non-trapped (column (5)) households in the full sample (that is,

treating regions as homogeneous) is small, about 10.96%. Comparing the asset level

of double trapped households in column (5) with non-trapped households in column
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(3), however, the gap is triple (32.80%) that of the difference between the non-trap

and single trap. This finding may support our argument in section 3.2; when one

resource is missing in the household asset accumulation function, other resources can

make up for it. When both resources are missing simultaneously, however, trapped

households could be prevented from household asset accumulation by complementar-

ity of resources since the very poor are more likely to have only a small amount of

other resources.

As we have already, however, poverty conditions differ across the three agro-

ecological regions. Considering the regional levels, the difference of the average asset

index between column (3) and (4) is negligible in the richest area, the highlands area.

(t-test statistics= 0.8227, p-value=0.4108 for a two-sided test.) However, the more

deprived the area is, the larger the difference is. The enset area, the most deprived

area, has the largest difference of asset levels. This finding is more obvious in the case

of double trapped households, as seen in column (5). Therefore, this finding provides

a hint that the very poor and/or the very poor regions have a higher likelihood that

the complementarity of inputs appears in household asset accumulation.

3.5 Asset Dynamics in the Presence of Undernutrition or Illiteracy Trap

We first consider asset dynamics of the full sample treating all regions as homogeneous

according to trap status; then we explore further the dynamics of the three regions,

according to trap status, using penalized splines with Bayesian inference proposed

by Krivobokova et al. (2009). Under our setting, households having any traps have

experienced lack of the resources in household asset growth functions. Since both an

illiteracy trap and an undernutrition trap indicators are a binary variable, we can-

not estimate the dynamics of these indicators. Instead, we estimate asset dynamics

conditional on illiteracy trapped households or undernutrition trapped households.
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Comparing the asset dynamics given these traps, we understand how the deprived

input in household asset growth functions (i.e. in equation (7)) determines long-term

household outcomes with other household resources. For example, we may expect

that long-term asset dynamics of illiteracy trapped households should converge to

statistically lower implied equilibrium than that of non-illiteracy trapped households

if other household inputs do not sufficiently substitute the deprived input in house-

hold asset growth functions. Figure 3A2(a) represents the asset dynamics of illiteracy

trapped and non-illiteracy trapped households. Intriguingly, both dynamics converge

to the same equilibrium statistically regardless of trap status. The dynamics of un-

dernutrition trap in Figure 3A3(a) also converge to statistically the same equilibrium

regardless of trap status. In these data, when we combine households from all the

agro-ecological regions, we do not identify differences in implied equilibria for those

in either illiteracy or undernutrition (single) traps.21 We examine three hypothet-

ical explanations of these findings: First, neither trap status determines the asset

dynamics of rural Ethiopia; second, the non-illiteracy (Non-undernutrition) trapped

households are also severely affected by undernutrition (illiteracy) traps; third, the

household conditions in the three regions are so different that pooling them in this

analysis could be misleading.

If the dynamic path of households having no trap is located above the dynamic

path of non-illiteracy or non-undernutrition households, we may conclude that other

types of trap hinder (or constraints more generally) households from accumulating

assets and the trap status determines the asset dynamics. The implied equilibrium of

the non-trapped households should be greater than that of the trapped households.

On the contrary, if the dynamic path of households having no trap is similar to the

dynamic path of illiteracy or undernutrition trapped households; and if both paths

converge to the same equilibrium; we conclude that the each trap does not have effect
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on the asset dynamics on average.

To test these alternative hypotheses, we estimate the asset dynamics of the house-

holds having no trap. From the full sample (that is, treating regions as homogeneous),

we find that the dynamics overlap and converge to statistically the same equilibrium.22

Hence, we conclude that the one dimensional traps (i.e., either illiteracy or undernu-

trition trap), on average, may not determine the long run asst dynamics. However,

the traditional mean regression approaches, including both parametric and nonpara-

metric regressions, may be misleading because the analysis does not fully represent

the lower tail of income distribution.

Hence, we next consider the asset dynamics of the three regions according to

illiteracy trap status since the three regions have different income distributions.23

We find that the enset area is poorest and the highlands area is richest among the

three regions in our data set. Figure 3.4 presents the equilibria of the illiteracy

trap group and the non-illiteracy group across farming system regions, respectively.

Across all regions, the equilibrium of the illiteracy and non-illiteracy trap group are

not significantly different. When households are merged in the data set across regions,

they show some differences in structural income on average depending on the trap

status as in Table 3.2. However, they converge to the statistically same equilibrium

of structural income in the long run, regardless of trap status in the highlands and

the hoe areas. Moreover, the dynamic paths of the highlands and the hoe areas are

almost identical regardless of the trap status. However, the dynamic paths in the

enset growing area represent different patterns depending on the trap status when we

compare them with those in other regions: First, the equilibrium is much lower than

in two other regions; furthermore, the dynamic path of non-illiteracy group is located

above that of illiteracy trap group.

Therefore, we proceed to examine the enset growing area in more detail. First
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(a) Highlands Area (b) Hoe Area

(c) Enset Area

Figure 3.4: Bayesian Penalized Spline: Comparison between Illiteracy Trap Group
and Non-Illiteracy Group across Farming System Regions
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we consider separately illiteracy and undernutrition traps in the enset area. We find

the same patterns of the dynamics as in Figure 3.4(c). (That is, we compare with

the asset dynamics of households having no traps; for details see Figure 3A4(a) and

3A5(a); Figure 3A4(b) and 3A5(b) represent the dynamics of households residing

in the enset area who suffer from the illiteracy trap and the undernutrition trap,

respectively.) We also find that the dynamic paths of households having no trap are

located above the paths of both the illiteracy and the non-illiteracy trapped groups,

though the difference is not statistically significant. These findings provide at least

suggestive evidence that the poverty trap status determines the asset dynamics in the

most deprived area.24

In addition, it is still questionable that each asset dynamics converges to the same

equilibrium regardless of trap status in the full sample (that is, treating regions as

homogeneous), since the the dynamics at the lower extreme percentile of income dis-

tribution are apparently different from that of median or higher percentile of income

distribution. To address this important concern systematically, it is insightful to uti-

lize a nonparametric quantile regression known as the quantile smoothing spline. We

estimate the relationship, ln yi,t−ln yi,0 = m(ln yi,0)+ei, using the full sample.25 That

is, we estimate the unconditional growth regression for each trap status. We use the

B-spline regression quantiles proposed by Ng and Maechler (2007). The smoothing

parameter λ is selected by minimizing the Schwarz information criterion.26

Illiteracy trap status affects the dynamics of the structural income. (For details

see Figure 3A6 in the Appendix.) We find evidence of poverty traps in the dynam-

ics of both non-illiteracy and illiteracy trapped households from the 20th percentile

quantile regression. Excepting the 20th percentile quantile regression, all dynamics

from other percentiles have a single stable equilibrium. Interestingly, the dynamics

of the illiteracy trapped households converge to a lower equilibrium than that of the
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non-illiteracy trapped households up to 40th percentile quantile regressions. In above

median quantile regressions, however, the dynamics from each quantile regressions

have statistically the same equilibrium regardless of the trap status. These findings

suggest that the illiteracy trap status is only correlated with the long term dynamics

of the households in lower percentiles of the income distribution, not those in higher

percentiles. In order to further test this finding, we compute the average educa-

tion years of both sons and daughters according to the illiteracy trap status of the

households, as seen in Table 3.3.

Table 3.3: Average Education Attainment Years of Sons and Daughters based on
Household Illiteracy Trap Status

Asset Index Nonilliteracy Trapped Illiteracy Trapped t-value Two-sided Test One-sided Test
Percentiles Household Household Pr(|T | > |t|) Pr(T > t)
Below 60th percentiles 5.911 4.246 1.955 0.052 0.026
Above 60th percentiles 4.085 4.045 0.042 0.967 0.484
Total 5.031 4.176 1.338 0.182 0.091
aSource: ERHS 1994a.
bThe numbers are average education years of sons and daughters within a household according to the illiteracy trap
status of the household.
cThe alternative hypothesis of the one-sided test is that the education years of children in a non-illiteracy trapped
household are greater than that in the counterpart.
d60th percentiles of asset index is used to identify poor households since we identifies about 60% of households as the
poor households in Table 3.1.
eEducation years of children are computed by following: aggregating education years of both sons and daughters
greater than 13 years old, and then the aggregated number is divided by the total number of the sons and daughters.

As Table 3.3 reveals, the average educational attainment year of sons and daugh-

ters born into non-illiteracy trapped households is significantly greater than the coun-

terparts within households having relatively low asset levels (below 60th percentile of

the asset index distribution). However, we fail to find evidence of differences in sons

and daughters’ educational attainment between the two groups within households

above the 60th percentile of the asset index distribution. These findings suggest that

the lowest (permanent) income households (as identified by asset levels) can have dif-

fering long-term outcomes, such as the human capital level of descendants, according

to the illiteracy trap status of the current generation. Hence, the long term asset dy-
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namics of future generations within relatively asset poor households may also depend

on the illiteracy trap status of the current generation; this could be an explanation of

heterogeneous asset dynamics in Figure 3A6 in the Appendix. In other words, such

households with sufficient assets and consumption may be able to send their children

to school and escape intergenerational poverty traps in the longer-run.

The nonparametric quantile smoothing splines of both undernutrition and nonun-

dernutrition trapped groups are presented in Figure 3A7 in the Appendix: the asset

dynamics of both undernutrition and nonundernutrition trapped groups along the

structural income distribution. All dynamics converge to the same single stable equi-

librium regardless of the trap status, which is consistent with the mean regression

estimation results.27 A plausible explanation of this result for households suffering

from an undernutrition trap is “asset smoothing.” For example, the short term re-

sponse of undernutrition trapped households is not to sell an animal to buy food,

instead they eat less, if they expect that assets’ future rate of returns is greater than

their current rate of returns. In the long run, there is no difference between the dy-

namics of the trapped households and those of the non-trapped households, since the

trapped households still have their own assets to utilize in the future.28

The Ethiopian evidence examined here suggests a wider implication that in general

it will be important for practitioners and policymakers to determine the types of

poverty traps (if any) that affect households located in the lower quantiles of the

income distribution, since the structural income dynamics of households must evolve

in the long run according to which trap is prominent.

3.6 Analysis of Interlocking Poverty Traps

Thus far we have presented long term evidence that undernutrition and illiteracy traps

decrease households’ asset holding levels in the most deprived region and in households
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in the lower percentiles of the income distribution. In equation (7), we present that a

deprived input in household asset growth functions determines long-term household

outcomes with other household resources. We now proceed to investigate whether

the illiteracy and undernutrition traps work together to worsen asset poverty through

strong complementarity of household inputs in short term. For example, lack of one

resource (one type of chronic poverty) can reduce household assets. If two resources

are lacked simultaneously; and if other resources are not sufficient to substitute the

lacked resources; and then household asset conditions are more severely worsened in

the short term.

Since only households that remain in illiteracy (or undernourishment) in all pe-

riods are defined as trapped, we cannot simply transform the data to remove the

household specific effect. Hence, utilizing the Mundlak device within the random

effect model,29 we construct a pseudo-fixed effect model. (Mundlak, 1978) This esti-

mation approach allows us to analyze whether or not the illiteracy trap status signif-

icantly interacts with the undernutrition trap to worsen asset conditions in the short

term, controlling for unobservable heterogeneity. To test this, we include an interac-

tion term between an undernutrition and an illiteracy indicator within our equation

(9) estimated.

lnAi = β0 + β1P1i + β2P2i + β3P1iP2i + Xiα + X̄iθ + ei, i = 1, 2, ..., n, (9)

where Ai is the asset index (structural income) of each household i, Pji, j = 1, 2

represents the illiteracy trap status and undernutrition trap status, respectively, and

Xi represent time-varying explanatory variables including age of household head,

squared age of household head, gender of household head, number of children, land

holding size, and number of tropical livestock units. We also include time dummies to
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control for the time specific effect. The first column in Table 3.4 includes regional fixed

effect dummies. In column (2) to (4), we estimate equation (9) across farming system

regions to explore whether or not both the illiteracy trap and the undernutrition trap

negatively affect household structural income level, and whether the traps interact to

lower the asset level significantly.

Table 3.4 provides the estimates from pseudo-fixed effect estimations. The ap-

propriate F-test for the fixed effect model, in which the null hypothesis is that all

coefficients of group mean values are equal to zero, (that is, θ=0) is rejected at any

conventional level.30 With specification (1), the interlocking poverty trap status does

not have a significant effect on the percentage change in structural income, while

undernutrition and illiteracy traps affect it significantly at any conventional level.31

From specifications (2) through (4), the significantly negative coefficient of the inter-

action term at 5% level in the enset area implies that the simultaneous presence of

traps effectively reduces household structural income, that is, significantly reinforce

each other, while the coefficients from the highlands and the hoe regions do not.

These findings support that the chronic poverty conditions are working together to

reduce household structural income level particularly in the most deprived area.

Depending on current asset holding levels of households, the short term rela-

tionship of each trap indicator and current asset levels can appear differently. The

very poor families and individuals, moreover, are more likely affected by interlocking

poverty traps. We estimate quantile regressions over the structural income distribu-

tions in each agro-ecological region using pooled data. Conditional mean regression

is (as the name suggest) evaluated at the mean. Thus, its results are not sufficient

for fully representing the behaviors of the poor located in the extreme quantiles of

58



Table 3.4: Interlocking Poverty Trap Analysis across Regions

Dependent Variable (1) (2) (3) (4)
ln Asset Index Full Sample Highlands Area Hoe Area Enset Area
Undernutrition Trap(=1) -0.161*** -0.0854* -0.310*** -0.0948**

(0.0363) (0.0447) (0.0774) (0.0428)
Illiteracy Trap(=1) -0.0784*** 0.0204 -0.130** -0.162***

(0.0255) (0.0245) (0.0565) (0.0367)
Undernutrition× -0.0576 0.0447 0.145 -0.122**
Illiteracy (0.0494) (0.0634) (0.101) (0.0576)
Age of Household Head -0.0175*** -0.0172** -0.0151** -0.0183**

(0.00457) (0.00834) (0.00613) (0.00745)
Age squared 0.0000817* 0.0000894 0.0000817 0.0000589

(0.0000426) (0.0000764) (0.0000613) (0.0000676)
Gender of Household Head -0.0431 -0.0760 -0.0556 -0.0319

(0.0339) (0.0694) (0.0409) (0.0623)
Number of Children -0.0608*** -0.0585*** -0.0860*** -0.0530***

(0.00580) (0.00934) (0.00970) (0.00971)
Land Holding Size 0.0952*** 0.0701*** 0.158*** 0.120***

(0.00854) (0.00951) (0.0241) (0.0168)
Number of Livestock Units 0.0220*** 0.0153*** 0.0363*** 0.0365***

(0.00455) (0.00393) (0.00670) (0.0101)
Round 3 0.0551*** 0.0129 0.211*** -0.0337**

(0.0119) (0.0194) (0.0244) (0.0171)
Round 4 0.240*** 0.215*** 0.169*** 0.314***

(0.0146) (0.0182) (0.0367) (0.0170)
Round 5 0.374*** 0.317*** 0.640*** 0.180***

(0.0185) (0.0249) (0.0355) (0.0297)
Round 6 0.464*** 0.385*** 0.589*** 0.403***

(0.0169) (0.0251) (0.0314) (0.0309)
the Hoe(=1) -0.360***

(0.0265)
the Enset(=1) -0.555***

(0.0238)
Constant 1.122*** 1.295*** 0.290 0.801***

(0.109) (0.115) (0.241) (0.170)
Mean Values of Time-varying Variables
Mean of Head Age 0.00768 -0.00173 0.0292** -0.00489

(0.00639) (0.00901) (0.0122) (0.0101)
Mean of head Age Squared -0.0000222 0.0000457 -0.000244** 0.000125

(0.0000609) (0.0000831) (0.000122) (0.0000956)
Mean of Head Gender 0.0112 0.0112 0.0431 0.0232

(0.0470) (0.0749) (0.0743) (0.0833)
Mean of Number of Children 0.0181** 0.0184* 0.00689 0.0333***

(0.00780) (0.0110) (0.0183) (0.0113)
Mean of Holding Land -0.0414*** 0.0345*** -0.207*** 0.0663***

(0.0143) (0.0120) (0.0322) (0.0178)
Mean of Livestock Units -0.00730 -0.00807* 0.00890 -0.0313**

(0.00548) (0.00490) (0.0126) (0.0155)
Observations 4556 1586 1410 1560
a Standard errors are in parentheses.
b We use 5 rounds of ERHS. (1994a, 1995, 1997, 1999, 2004) We also use 3 rounds of ERHS (1994a, 1999,
and 2004) as a robustness check. The significance of variables do not change.
c ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
d Column (2) includes interaction terms between regional dummy and trap indicators.
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the income distribution.32 The estimating equation is given by,

lnAi = β0 + β1P1i + β2P2i + β3P1iP2i + Xα + ei, i = 1, 2, ..., n. (10)

We note that poverty conditions could appear differently at regional levels, and

only the most deprived region (the enset area) has evidence of interlocking poverty

traps. Hence, we first focus on local levels. Figure 3.5 and Figure 3.6 represent dis-

tributions of marginal effects on the log of structural income in the highlands region

and the enset region, respectively.33 We find that livestock units have a significantly

positive and very heterogenous effects, while land owned has a significantly positive

and relatively uniform effect over the whole range of the structural income distribu-

tion. The number of children within a household significantly worsens the household

asset condition. Age of household heads has a negative and relatively unform effect.

The effect of gender of the household head represents a different pattern between

the highlands area and the enset area. The gender effect is negative and relatively

uniform over the whole distribution in the highlands area, while the effect is signif-

icantly negative only in the lower percentile of the distribution in the enset area.

The illiteracy trap has a significantly negative and very heterogeneous effect on the

percentage change in the structural income in the enset area, but in the highlands

area, it is insignificant for nearly all quantiles. An undernutrition trap has a relatively

uniform effect on the structural income. Moreover, the impact of an undernutrition

trap is marginally significant at 0.1 level over the whole range of the distribution in

the highlands area; but it is significant in the enset area except at the highest and

lowest percentiles of the income distribution.

In the highlands area, the interlocking poverty trap has an insignificant effect

on log of asset index except among the lower percentiles of the distribution. Even
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Figure 3.5: Quantile Regression: the Highlands Area
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Figure 3.6: Quantile Regression:the Enset Area
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though the differences between the percentage change in the structural income of the

trapped and that of the non-trapped households are significant in the lower percentiles

of the income distribution, the differences between the absolute income levels of the

trapped and those of the non-trapped households are negligible.34 We conclude that

an interlocking trap does not have significant effects on the structural income of the

households in the highlands area. In the enset area, however, an interlocking trap

has heterogeneous effects on the percentage change in the structural income over the

income distribution. The percentage change in the income of the trapped households

is not significantly different from that of the non-trapped households in the lower

percentiles (i.e., below about 50th percentile), while the percentage change in the

income of the trapped households is significantly less than that of the non-trapped

households in the upper percentiles. This finding implies that there is household

heterogeneity in the enset area in the impact of interlocking poverty traps over the

income distribution.35

We estimate the equation (10) again to compare the effects of each poverty trap

indicator on household structural income at local levels with those in combined sam-

ples, treating all regions as homogeneous. (See Figure 3A8 in the Appendix to see

the estimation results.36) We also find heterogeneous effect of an illiteracy trap. It

uniformly reduces about 15% of the structural income for the poor.37

From the pseudo-fixed effect model and the quantile regressions, we have found

that multidimensional, or interlocking poverty traps are likely to affect more severely

households in the lower income distribution residing in the more deprived region. For

additional evidence on the existence of multidimensional, and interlocking poverty

traps, we revisited the estimation of the asset dynamics using nonparametric local

linear regressions using ERHS round 1, 3, 4, 5, and 6 data, which are used in Table

3.2.38 We estimate three asset dynamics according to trap status: No-trap, single
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trap, and double trap.39

Table 3.2 gives a hint that there is complementarity of household resources in

asset accumulation. Based on the findings in that table, we construct the following

working hypothesis: First, if the dynamics of the single trapped group and the no-

trapped group converge to the same equilibria, other resources in households work

as substitutes for the trapped resource. Similarly, if the dynamics of the double

trapped and the no-trapped groups converge to the same equilibrium, other resources

in households work as substitutes for the trapped resource. However, if the dynamics

of the non-trap group and single trap group converge to different equilibria; or if

the dynamics of the non-trap group and double trap group converge to different

equilibria; the significant difference of equilibria suggests that the lacked resources

(trapped capacities or other assets) work with complementarity to hinder household

asset accumulation. We hypothesize that this complementarity is more likely to

appear in the most impoverished area. If the dynamics of the single or double trapped

group converge to a very low equilibrium distinguished from the equilibrium of non-

trapped group’s dynamics, we may conclude that multidimensional and interlocking

traps exist since this complementarity involves the existence of interlocking traps.

Figure 3.7 represents the asset dynamics of each trap status estimated with a local

linear regression.40 It is not clear that the three dynamics in general are significantly

different, particularly around their own equilibria. The clearest difference is observed

in the dynamics of the most-asset poor (with a lagged asset index of approximately

0 to 1.7). This difference implies that trap status tends to affect only the very asset-

poor, which conforms with our interpretation of Figure 3A6, as well as Table 3.4.

This finding may suggest that missing resources in a household asset growth function

only determine the asset accumulation of the very poor.

Poverty could appear differently at local levels. As Table 3.2 suggests, the poor
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Figure 3.7: Asset Dynamics across Trap Status: All Areas

area has a much higher likelihood of complementarity of inputs in a household asset

growth function. Hence, we investigate how trap status (or chronically lacking re-

sources) hinders poor households from asset accumulation. We do so by estimating

nonparametric local linear regressions according to trap status (no, single, and double

trap). Particularly, we focus on the enset and the highlands areas.

Figure 3.8 presents the asset dynamics across trap status in the enset area. We

find that the dynamics of no-trapped household converge to the highest equilibrium,

while the dynamics of the double trapped households converge to the lowest equi-

librium.41 Moreover, the dynamics of single trapped households also converge to a

significantly lower equilibrium than that of no-trapped households. However, we fail

to observe these changes of dynamics depending on trap status for the highlands re-

gion as seen in Figure 3.9.42 All dynamics in Figure 3.9 converge to the statistically

same equilibrium. The interpretation of this finding is that in richer region, lack

of one resource or even two resources, does not necessarily prevent households from

asset accumulation since other surplus resources can make up for it in the long run.
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Figure 3.8: Asset Dynamics across
Trap Status in the Enset Area

Figure 3.9: Asset Dynamics across
Trap Status in the Highlands Area

In the most impoverished area, however, the dynamics are clearly distinguished from

each other. The interpretation in this case is that the lack of one resource makes the

asset dynamics converge to the lower equilibrium. The households in the poorest area

may have little surplus resources to make up for the missing resource. Lack of one

resource in the end makes other resources unproductive so that the asset dynamics

converges to a lower equilibrium than no-trapped households. This complementarity

suggests the existence of multidimensional and interlocking poverty traps. Moreover,

the stable equilibrium of the double trapped households is identified at about 1.3.

The implied equilibrium is less than $1 per day, which may be readily interpreted as

an asset poverty trap.43

Therefore, we conclude that the interlocking effect of the traps is likely to appear

in the most deprived area. We find that it is hard to distinguish the effect of each

poverty trap on the dynamics of the non-poor area or the non-poor. This implies that

the surplus resources that they have work as substitutes in the household asset growth

66



function. From these results it may be inferred that the dynamics of the poor are not

likely to converge with those of the non-poor in the long run when multidimensional

and interlocking poverty traps exist. Hence, the hypothetical explanation could be

rejected that neither trap status determines the asset dynamics of rural Ethiopia.

In addition, we may interpret the lowest stable equilibrium of the double trapped

households as a form of multidimensional poverty trap. Since the multidimensional

poverty traps affect the asset dynamics in the most deprived region, and hinder

households from the accumulation of assets, we finally conclude that interlocking

poverty traps do exist in the most impoverished region of Ethiopia.

3.7 Concluding Remarks

In this paper, we have considered the presence of multiple poverty dimensions. In

addition to low-consumption (assets), we considered health traps as proxied by contin-

ued low BMI-for-age z scores, and education traps as proxied by continued illiteracy.

Estimating long term asset dynamics with the full sample, we fail to find evidence

that the asset dynamics of the single trap households (i.e. either in an illiteracy or an

undernutrition trap but not both), on average, differ from those of the non-trapped

households. Considering differences at the regional level, however, we find evidence

that the dynamic paths in the poorest region (enset growing area) represent different

patterns depending on the trap status: First, the equilibrium is much lower than in

two other regions; furthermore, the dynamics of the non-illiteracy group is located

above that of illiteracy trap group.

However, the results from conditional mean regressions do not fully represent

the behavior of the poor located in left tails of the structural income distribution.

Considering long term differences across the structural income distribution, we adapt

nonparametric quantile regression. We first examine the full sample according to
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the trap status. The patterns of asset dynamics are significantly different according

to the presence of an illiteracy trap only below the 40th percentiles of the income

distribution. That is, the dynamics of the households in lower income fractiles (above

the 50th percentile of the income distribution) converge to the same equilibrium

regardless of illiteracy trap status, but the dynamics of the households in the lower

income fractiles in an illiteracy trap converge to a lower equilibrium than households

in similarly low parts of the income distribution not having an illiteracy trap.

We adapted a pseudo-fixed effect model to consider short term differences at the

regional level. We further examined the possibility that there are interlocking traps,

in the sense that low levels of health and education have a negative interaction effect

on assets. We find this effect in the most deprived region: both illiteracy and under-

nutrition trapped households have significantly less assets than the counterparts; and

there is a statistically significant negative interaction effect of illiteracy and under-

nutrition on assets. In highlands area, only the undernutrition trap status variable

has a marginally significant negative effect on assets, but there is no significant inter-

action effect. In the hoe area, we also fail to find evidence of a significant negative

interaction effect.

Considering short term differences across the structural income distribution at the

regional level, results from quantile regressions show that the significance of each trap

differs across regions over the income distribution. In particular, in the highlands (the

region with the best technology and resources) an illiteracy trap has no significant

impact on asset change across the asset distribution. However, in the enset (most

deprived) region, an illiteracy trap has a significantly negative effect on asset change,

and the effects are very heterogeneous over the asset distribution. These results

are suggestive that policy and programs should be attuned to whether the poor are

trapped and in what ways.
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In section 3.2, we argue that health and education, for example, to a degree might

act as substitutes for each other in allowing the accumulation of assets, but when

both are lacking this may prevent accumulation since the very poor have only very

small amount of other assets that might otherwise work as substitutes for the lacking

resources. That is, with high deprivations, all resources turn out to be complementary

inputs for asset production. The existence of this complementarity is itself further

evidence of interlocking poverty traps.

Therefore, we re-examined the long term asset dynamics, to further investigate

the presence of interlocking poverty traps at the regional level. We find that asset

dynamics in the most deprived region is distinguished from those of other areas: the

estimated dynamics in the most impoverished area are separated out according to

the trap status (no, single, and double trap), while all the asset dynamics estimated

in other areas converge to statistically the same equilibrium. Only in the enset area

are the dynamics of no-trapped, single-trapped, and double trapped households all

statistically different: the equilibrium of the double trapped group is statistically

below that of the single-trapped groups, which in turn are below the equilibrium of

the non-trapped group. This finding supports that household inputs turn out to be

complements in the most impoverished area, when a set of household resources is

lacking. Therefore, the most impoverished area has the highest likelihood that the

multidimensional, and interlocking poverty traps are found.

Notes

1We utilize the GNU Software R for statistical computing and graphics with ConfBands (Krivobokova
et al., 2009), np (Hayfield and Racine, 2010), plm (Croissant, 2010), quantreg (Koenker, 2009), and
SemiPar (Wand et al., 2005) packages.

2Plausibly, such traps result from credit constraints; and credit has been emphasized as a binding
constraint by practitioners advocating microfinance. However, other practitioners argue that the
poorest are too deprived in multiple dimensions to benefit from credit without first establishing
some preconditions.

3For example, BRAC, formerly known as the Bangladesh Rural Advancement Committee, pio-
neered the “ultra-poor” program, targeting the poorest women living in villages in widely impov-
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erished regions. This program includes large asset transfers (livestock or trees), enterprise training,
health services, and legal services.

4See Smith (2002).
5See e.g. Antman and McKenzie (2007).
6We exclude Round 2 because Round 2 is surveyed in the Bega (long dry) season in 1994/5. Sea-

sonal analysis using the panel revealed rather large seasonal fluctuations in consumption, seemingly
linked to price and labor demand fluctuations (Dercon and Krishnan, 2000a,b; Dercon, 2004). 6
villages of Round 4 were also surveyed during the Bega season.

7According to the International Monetary Fund’s World Economic Outlook Database, purchasing
power parity per capita of Ethiopia was $360 in 1994. In 2004, (i.e., the last year of the panel), the
purchasing power parity per capita was $560.

8Dercon (2000, pp. 18-19) and Geda et al. (2009, pp. 964-966) find evidence of the pro poor
growth in rural Ethiopia.

9According to Dercon and Hoddinott (2009), the Westphal (1976) and Getahun (1978) classifi-
cations are used to divide Ethiopia into agro-ecological zones based on the main farming systems.

10Using the data of Global Administrative Areas from “http://www.gadm.org,” we draw the map
by package “maptools” in R. The characteristics of 3 regions are found in Dercon and Hoddinott
(2009, p.9). Table 3A2 in the Appendix presents large differences in the consumption level based on
the farming system regions.

11Dercon and Ayalew (2007) use the Ethiopia Rural Household Survey (ERHS) from 1994 to 2004
to examine whether land rights affect household investment decisions. Dercon and Ayalew’s (2007)
findings also support this prediction.

12Among 1,477 households at the round 1 (1994), 223 households were not reinterviewed in 2004.
13We estimate the following equation:

Λivt =
∑
j

βj(Aijvt)+
∑
j,k

βk(Aijvt)(Aikvt)+
∑
j

αjHijt+
∑
v,t

δv(Ψv)(Υt)+
∑
v

φvΨv+
∑
t

γtΥt, (11)

where Aivt includes the key asset variables–human capital (education year of household head) and
productive capital (hectare of land, tropical livestock units, total number of crop tree, and value of
productive assets) per adult. The regression includes household characteristic variables, Hit: gender
of head and age of head. In addition, all asset variables are second order polynomially expanded and
interacted. To control for location and time specific effects, village and time dummies (Ψv and Υt)
are included. In addition, the interacted terms of time dummies and village dummies are included
to control for village specific transitory effects.

14Based on this definition, we here construct illiteracy status of round 6 using round 5 information,
since there exist households having new heads in round 6–about 160 households install their new
household heads. If the household head is not changed, we treat their illiteracy status is the same
as round 5. If the household head is changed in round 6, we use round 5 information on illiteracy
status of the new household head. We then see whether those in such traps exhibit fundamentally
different income and asset dynamics, that can be interpreted as an income or asset trap.

15Various anthropometric indicators exist: weight-for-height, height-for-age, weight-for-age, body
mass index (BMI) and so on. Weight-for-height indicates current nutritional status. That is, it mea-
sures short-term changes in nutritional status. On the other hand, height-for-age represents chronic
inadequacies of nutritional status. Weight-for-age is a mixture of height-for-age and Weight-for-
height. In addition, BMI is another important indicator of chronic energy deficiencies (or obesity).

16We use Vidmar, Carlin, Hesketh, and Cole’s (2004) “zanthro” in Stata to compute z-scores
under the assumption that household members over 23 years old are not getting old. Thus, the
numbers of households with the chronic energy deficiency may be an upper bound due to the aged.

17Round 5 has no anthropometric information, so in effect we are assuming that if undernutrition
is observed in all other periods then it would have occurred in period 5 as well.
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18The most common cutoff value is -2 to identify abnormal anthropometry. World Health Orga-
nization (WHO) has more general undernutrition classification. (Details are in WHO (1995).) As a
robustness check, we construct another undernutrition trap status variable using only the informa-
tion of round 1, 4, and 6. The proportion of trapped households from the full sample increases to
22.0 %.

19The Chi-Square statistic is χ2
(1) = 16.769 with p-value=0.000; and the phi-squared value is

0.0037.
20As a robustness check, we also compute the trapped household ratios including all observations

for which we have missing information on illiteracy trap or undernutrition trap status, assuming
that no trap is present in these cases. We find statistically the same results.

21Krivobokova et al. (2009) propose “simultaneous Bayesian credible bands” derived from Markov
Chain Monte Carlo (MCMC) simulation output. In this framework, we use truncated line basis with
degree 2. Higher orders of degree lead to smoother spline function. Consider the regression model

Ait = β0 + β1Ait−1 +

K∑
k=1

uk(Ait−1 − κ)2+ + εi, (12)

whereA is the asset index, εi are i.i.d.N(0, σ2
ε), and θ = (β0, β1, u1, ..., uK)T is the vector of regression

coefficients, and κ1 < κ2 < ... < κK are fixed knots. The following priors are assigned to the error
variance σ2

ε and the prior variance σ2
θ : σ2

ε ∼ IG(0.001, 0.001) and σ2
θ ∼ IG(0.001, 0.001). One

advantage of Bayesian inference is that the bias from measurement error can be automatically
adjusted from the Bayesian framework (Berry et al., 2002).

22This can be seen simply by noting the addition of the estimated lines into Figure 3A2(a) and
3A3(a), which then produce Figure 3A2(b) and 3A3(b) in the Appendix.

23As reported in Table 3A4 and 3A5 in the Appendix, we find that the income distributions differ
according to trap status. Figure 3A1 in the Appendix provides additional evidence that each region
has a different income distribution.

24Hence, we conclude that the first explanation in section 3.5 is likely to be rejected, while the
second is not conclusive thus far. More conclusive estimation is reported in the next section using
no, single, and double trap definition.

25To our knowledge, there is still no known method to generate meaningful data driven smoothing
parameters in the multivariate case by minimizing Schwarz Information Criterion (SIC) (Koenker,
2010, p.15). The spline estimator of m(·) is found from the function f(X) that minimizes

min

n∑
i=1

(Yi − f(Xi))
2 + λ

∫
(f ′′(Xi))

2dx, , (13)

where Xi is an explanatory variable, and λ > 0 is a smoothness parameter for the adjustment.
In extreme cases, when λ goes to infinity, the function is linear over the whole range of x. That
is, larger λ indicates that we have a much smoother curve, but also a larger mean squared error.
To determine whether rural Ethiopia may be characterized as being in a trap-like stagnation, with
respect to illiteracy or undernutrition, we begin by considering that income growth may depend on
the log of income y and other factors, X.

ln yi,t − ln yi,0 = β ln yi,0 + γXi + ei, (14)

where yi,0 is initial income of i and Xi contains explanatory variables related to income growth in a
household. In this regression, a negative β means a negative relationship between initial household
income and the household income growth rate, since a household with higher initial incomes would
have smaller rates of growth rate than those with lower initial income under the decreasing returns
to factors of production. This may be understood at the local level as decreasing inequality among
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households. We find a decrease in inequality in the evidence from Table 3A3. This household level
analysis may be compare to country growth regression studies. (Barro, 1991)

2620 knots are equally spaced in percentile levels. The estimation results are shown in Figure 3A6
and 3A7 in the Appendix.

27See Figure 3A3.
28For more on ”asset smoothing” research see Zimmerman and Carter (2003). Another possible

explanation is that households in a non-undernutrition trap could be in an illiteracy trap. The ratio
of the illiteracy trapped households to the non-undernutrition trapped households is about 0.51,
while the ratio of the undernutrition trapped households to the non-illiteracy trapped households is
0.18.

29The Mundlak devices are each household’ mean values of time varying explanatory variables
over time. That is, in equation (9) each X̄i is computed by (

∑T
t=1Xit)/T , where t represents

data period, i indicates each household, and T is the total number of surveyed periods. Mundlak’s
(1978) approach depends on the assumption that unobserved effects are correlated with explanatory
variables. The details are in Mundlak (1978) and Wooldridge (2002). By this approach, we can
also justify adapting the fixed effect rather than the random effect model by testing whether the all
coefficients of group mean variables are equal to zero.

30From the first column in Table 3.4, we find that the null hypothesis of θ=0 is rejected at any
conventional level. The χ2

5=24.75 and p-value (Prob > χ2
5) is 0.0002. Hence, the pseudo-fixed effect

model is justified rather than the random-effect model.
31The Breusch and Pagan Lagrangian multiplier test rejects random effects (χ2

(1) =1096.40). Also

a test for autocorrelation proposed by Wooldridge (2002, 282-283) marginally rejects the null hy-
pothesis of no first-order autocorrelation. In addition, the quantile regression results support the
existence of heteroskedasticity. Hence, we report robust standard errors in Table 3.4.

32ERHS round 1, 3, 4, 5, and 6. We compute the fit using the Frisch-Newton interior point
algorithmic method, which is described in detail in Portnoy and Koenker (1997). Standard errors
are computed by nonparametric estimates of the covariance.

33The dark area represents the 95% confidence bands. The dashed line and the dotted line are
the coefficient and 95% confidence intervals from OLS.

34We estimate the following specification.; Ai = β0 + β1P1i + β2P2i + β3P1iP2i + Xα + ei. We
find that the interlocking trap has no significant effect on the level of the structural income over the
whole range of the distribution.

35We also estimate the effect of the trap variables on the level of the asset index. The significant
differences of the absolute asset index level between the trapped and the non-trapped households
are detected in the upper percentiles as well.

36The dark area represents the 95% confidence bands. The dashed line and the dotted line are the
coefficient and 95% confidence intervals from OLS. Undernutrition trap is significantly negative effect
on the income. In rural Ethiopia, about 60% of total households are identified as poor. However, the
illiteracy trap heterogeneously reduce about 5% to 10% of the income for the poor. The cultivated
land increases about 6% of the structural income for the poor, while it increases about 7.5% of the
income for the non-poor. Livestock increases the structural income very heterogeneously.

37Here, the poor are identified based on the findings in Table 3.1. Here, we find that about 60%
of total households are below the poverty line in 1994.

38We estimate a bivariate local linear regression: Ait = f(Ait−1), using Epanechnikov kernel.
Optimal bandwidth is selected by likelihood cross-validation. In some cases, a fixed type bandwidth
reports an over-smoothed fit. In these cases, we adapt an kth nearest neighbors for the continuous
variables. In this case, the bandwidth is a function of the number of the nearest neighbors. Moreover,
to avoid the high variability generated from sparse data points at lowest and highest tails, we remove
the points located below 5 percentiles and above 95 percentiles of asset index. As a robustness check,
we use all samples to estimate asset dynamics in the enset area in Figure 3A9 in Appendix.

39Single trapped households are defined as households suffering from only one dimensional poverty
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trap, either illiteracy or undernutrition trap. Double trapped households represent households having
two or more poverty traps simultaneously.

40All estimations use a local linear regression with Epanechnikov kernel. The optimal adaptive
bandwidth are selected by cross validation. The kth nearest neighbors are 142, 289, and 62 for
no-trapped, single trapped, and double trapped households, respectively. Confidence bands are
estimated by 500 replications of bootstraps.

41A local linear regression is used. Confidence bands are estimated by 500 replications of boot-
straps. The optimal kth nearest neighbors are 117 and 18 for no-trapped and single trapped house-
holds, respectively. We utilizes a fixed type bandwidth to estimate the dynamics of the double
trapped households in the enset area due to the small number of observations.(Optimal band-
width=0.2462) As a robustness check, we provide the double trapped households’ asset dynamics in
the enset area changing the bandwidth types in Figure 3A10. The equilibrium does not depend on
the bandwidth types. Moreover, we estimate asset dynamics using the sample without trimming as
a robustness check. Figure 3A9(a) in Appendix presents over-smoothed fits of asset dynamics across
trap status in the enset area. This figure also supports that asset dynamics converge to different
equilibria according to trap status.

42We use a local linear regression with an Epanechnikov kernel. All bandwidths are optimally
selected by the cross-validation. The kth nearest neighbors are 21 and 36 for no trapped and
single trapped households, respectively. For the double trapped households, a fixed type bandwidth
(1.1357) and kth nearest neighbors, 34 are estimated optimally by minimizing Asymptotic Mean
Integrated Square Error (AMISE).

43We use the conversion factor from World Bank (http://www.worldbank.org/data).
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Chapter 4: The Impact of Taxes on Charitable Giving: Empirical

Evidence from the Korean Labor and Income Panel Study

4.1 Introduction and Overview of Models and Findings

The main purpose of this study is to estimate the price and income elasticity of

charitable giving by households. Estimating the price elasticity of giving is of policy

significance. As Andreoni (2006) has noted, when the provision of public goods pri-

vately by charities is a substitute for government provision of such goods, an absolute

price elasticity of giving is a type of “gold standard.” At one extreme, if the price

elasticity of giving is zero, allowing tax deductions for charitable giving has no effect

on the amount of giving to charities. In this case, if the purpose of the tax deduc-

tion is to increase the supply of public good(s), the deduction fails to achieve this

objective, and direct government spending is more efficient means of providing the

public goods. As the price elasticity of giving increases in absolute value, however,

more of the foregone tax revenue actually goes to charities in the form of greater

giving.1 A price elasticity of zero implies that the incentive does not have any effect

on giving. A larger absolute elasticity implies that more of the transfer is actually

going to charities. Hence, the estimation of the elasticities has been an important

task in policy evaluation.

Although there is an extensive literature on taxes and charitable giving in western

countries, most notably the United States, relatively little related work exists out-

side of western countries. Given that country-specific heterogeneity, resulting from
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difference in social norms or institutions, influences the charitable giving decision,

empirical research on the determinants of giving in non-western countries is useful

addition to our understanding of the role of economic incentives in motivating char-

itable giving.2 (For example, Peloza and Steel (2005) who include several studies of

giving in emerging economies such as Russia and Singapore in their survey. Note that

“the few estimates that are available from these emerging cultures show significantly

higher elasticity than those found in other western cultures.” A reasonable question

is whether these higher elasticities are due to differences in empirical methods, or

perhaps reflect differences in giving behavior.)

Table 4.1: Yearly Individual Charitable Giving in South Korea

1999 2000 2001 2003 2005
Total Charitable Giving 2.9 4.45 4.67 5.9 7.13

Wage and Salary Worker 0.8 2 2.7 3.2 3.6
Individual Global Income Tax Filer 0.05 0.23 0.28 0.54 0.74

Subtotal 0.85 2.23 2.98 3.74 4.34
Ratio (%) 29.3 50.1 63.8 63.4 60.9

Ratio of Charitable Giving to GDP(%) 0.16 0.37 0.46 0.49 0.50
Source: Ministry of Strategy and Finance, Korea.
a All are measured in 100 billion Won and percent (%).
b Ratio means Subtotal Giving divided by Total Giving.

Since the 1998 economic crisis in South Korea, charitable contributions have risen

in potential importance as institutions for improving the welfare of society. Simulta-

neously many nonprofit organizations (NPOs) have also been founded to complement

government failures and market failures. Most NPOs in South Korea, in fact, have

suffered from financial difficulties due to shortage of voluntary donation. As Table

4.1 shows, the ratio of individual charitable giving to GDP in Korea was below 0.5%

in 2005 even though it has increased over time.3 The ratio of charitable giving to the

total annual after-tax income has remained low over time as Table 4.2 shows.

The “culture of giving” in Korea has not yet matured mainly due to the late
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advent of civil society relative to the West economies and societies. Moreover, 80%

of individual donations target religious organizations, according to the Ministry of

Strategy and Finance, Korea.4

Table 4.2: Ratio of Charitable Giving to Household Income in Korea

Year 2003 2004 2005 2006

Total charitable giving

Total household income
1.02% 0.93% 0.89% 0.97%

Source: The Korean Labor and Income Panel Study, Korea

Therefore, we first examine indirectly whether a trade-off exists between govern-

ment subsidy and charitable giving, and then explore which factors influence house-

hold’s contribution and how much of an effect these factors have on giving based on

estimates from various econometric models. Following Andreoni (1990, 2006), if the

tax price of giving negative and significant (large in absolute value) in South Ko-

rea, the revenue foregone from allowing tax deductions for charitable contributions

increases giving, and hence the financial resources of Korean nonprofits.

The data that is used for the empirical analysis is from the Korean Labor and

Income Panel Study (KLIPS), which has information on individuals and households,

including the amount of charitable giving during the year prior to the survey. In

addition, the panel structure of the data helps alleviate the omitted variable bias

that often arises in previous literature using cross-sectional data.

The basic empirical strategy is to use techniques that result in robust estima-

tion of tax price and income elasticities for charitable contribution in South Korea.

Most previous studies use the “first-dollar after-tax price of giving” as an exclusion

restriction to address the endogeneity problem. Using the “first-dollar after-tax price

of giving” is used as an exclusion restriction in the fixed effect estimation, however,

raises potential problems of multicollinearity.
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As an alternative, this study uses information from the Korean Tax Reform to

construct instrumental variables (IVs). It is, however, the case that point estimates

from empirical specifications with weak instruments are biased, and the Wald test can

be unreliable (Angrist and Pischke, 2009). Stock, Wright, and Yogo (2002) suggest

a rule of thumb test of weak identification using F-statistics on exclusion restric-

tions. However, it is only a rough tool. To account for any concerns about weak

instruments, we make use of additional estimation approaches take after estimating

the basic models: (1) the two stage Least Square (2SLS), Generalized Method of

Moment (GMM), and (2) Limited Information Maximum Likelihood (LIML) Contin-

uously Updated Estimation (CUE) of GMM-fixed effect models.5 We use the Finlay

and Magnusson’s (2009) size-correct test of weak IV robust inference for the linear

instrumental variable model with autocorrelation and heteroscedasticity. Then, we

use CUE-GMM to estimate the linear IV model and compare the results from these

alternative estimators with other linear fixed effect models, since LIML CUE-GMM

estimators are more robust than other IV estimators when IVs are weak, as noted by

Hahn, Hausman, and Kuersteiner (2004). Both procedures indicate that our instru-

ments are not weak, which increases the confidence that the estimates do not suffer

from a finite-sample bias from weak instruments.

After confirming that our instruments are not weak, we use the instruments to

estimate a random-effect Tobit Model to address the endogeneity problem. However,

we cannot simply substitute fitted values from first stage regression into the model

since substituting fitted values for an endogenous variable is appropriate only in the

case of linear models. Instead, we use a control function following Smith and Blundell

(1986) and Rivers and Vuong (1988).

2SLS and GMM do not require distributional assumptions, while the Tobit model

does. If the distributional assumptions are satisfied, the Tobit model with a control
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function may provide more efficient estimates than those from the 2SLS and GMM.

However, the Tobit model does not allow one to transform the data to estimate a

fixed effect model. By adding group mean values of time-varying variables into the

estimation equation, following Mundlak (1978), we construct a pseudo-fixed effect

Tobit model. Doing so is a means of removing household unobservable heterogeneity

by estimating the random effect model. The tax price elasticity of giving is significant,

and the magnitude is around -0.83, which is similar to those from the GMM fixed

effect and the CUE-GMM models, respectively -0.94 and -0.899. Income elasticities

are also significant in all models, but the sizes of them are very small, around 0.1.

(See Table 4.5 and Table 4.6 for the estimates.)

To investigate additional features of the conditional distribution of charitable giv-

ing in South Korea, we also estimate a Censored Quantile regression with instrumental

variables (CQIV) proposed by Chernozhukov et al. (2009). This method adapts con-

trol function to address the endogeneity problem. These results imply that the price

elasticity of charitable giving is very heterogeneous along donors’ giving distribution,

while income has a significantly uniform and positive effect over the whole range of

the giving distribution.

This study consists of 5 sections. The next section 4.2 and section 4.3 cover the

brief literature reviews and data respectively. Estimation methods and estimation

results are presented in section 4.4. In the final section 4.5, conclusion and policy

implications are expressed.

4.2 Literature Review

In a world in which there are no tax deductions for charitable contributions, the out-

of-pocket cost of giving $1 to charity is $1. If, however, individuals are allowed to take

an income tax deduction for charitable contributions the out-of-pocket cost of giving
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falls from $1 to $(1−t) where t is the individual’s marginal tax rate. Many researchers

have estimated the relationship between the after-tax cost of giving, $(1− t) and the

amount of giving in order to assess whether allowing tax deductions on charity is an

efficient way of subsidizing the private provision of public goods by charities. In Korea,

there are few studies to date on how the deduction affects charitable contribution,

in contrast to the United States, where there is an extensive empirical literature on

this topic. Studies using U.S. cross-section data have consistently found relatively

large price elasticity and small income elasticity.6 According to Clotfelter (1985),

the estimated price elasticities of charitable giving vary from -0.04 to -2.5 based on

variables, data sets, and specifications. A consensus was that tax incentives had a

strong positive effect on charitable giving. However, Steinberg (1990) updating this

survey of empirical findings presents the possibility that price elasticity could be less

than unity in absolute value when panel data sets are used. In fact, more recent

studies using panel data report significantly lower price elasticities than those using

cross-sectional data.

In order to overcome the drawbacks of cross-sectional data,7 Randolph (1995) uses

panel data to separate the effects on giving of permanent changes in the giver’s after-

tax price from transitory effects. He finds that permanent income effects are much

stronger than the transitory changes, and the temporary price elasticities are much

stronger than the permanent price elasticities. His results imply that individuals

will respond more strongly to transitory changes in price. In contrast, Auten, Sieg,

and Clotfelter (2002) reach the opposite conclusion that charitable contributions are

more sensitive to the changes in the both permanent price and income, while they

use the expanded version of Randolph’s (1995) data.8 This difference is caused by

the adaptation of a different econometric approach. In any case, it is obvious that

changes in tax policies that change the marginal tax rates of givers can either increase
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or decrease the amount of giving, even though magnitude of such changes estimated

by Randolph (1995) and Auten et al. (2002) are different.9 In any case, it is obvious

that the tax policies help either increase or decrease the amount of giving, even though

the conclusions given by Randolph (1995) and Auten et al. (2002) are different.10

Barrett et al. (1997) use the following specification that allows for an estimation

of the effects of habits by including lagged giving as an explanatory variable, time

shifting, and consumption smoothing on the time path of adjustment and estimate

the permanent and temporary effects of tax policy on charitable giving.

ln git = α0 + β1 ln git−1 + β2 ln Iit−1 + β3 lnPit−1 + β4 ln Iit + β5 lnPit

+β6 lnPit+1 + β7 ln Iit+1 +Xδ + εit, (15)

where git represents contribution of individual i at time t, P represents the price of

contribution, I represents income, and X represents other explanatory variables. The

model in equation (15) is estimated with a panel of 1,382 individual taxpayers filing

itemized returns in the years of 1979-86 from the Statistics of Income (SOI) panel of

returns from the Ernst and Young Tax Research Database. Barrett et al. (1997) find

that the long-run price elasticity is -0.47, and the transitory price elasticity is -1.40.

The effects of habits in giving are small.

A consensus about the effect of tax incentives on charitable giving has not been

established yet in the United States. In addition, a smaller number of studies explore

the phenomenon in countries other than the United States, including Canada, the

United Kingdom, Russia, and Singapore (Peloza and Steel, 2005).

Brooks (2002) examines Russian charitable giving using the World Bank’s House-

hold Expenditure and Income Data for Transitional Economies (HEIDE). He finds

that Russian households donate an average of 0.6% of their annual after-tax income
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to charity in 1993. His Full Information Maximum Likelihood (FIML) Tobit model

finds that income and price elasticity are respectively 2.78 and -6.68, which are con-

siderably higher than estimates of these parameters from studies using data from the

United States.11

Chua and Wong (1999) investigate the relationship between charitable giving and

tax incentive in Singapore, using 1989 tax files obtained from the Inland Revenue

Authority of Singapore. They estimate income and price elasticities for givers with

differing education levels. This study finds that the income elasticities are positive,

but below unity. The price elasticities are in the range of -3 to -6, which indicates a

very strong response of charitable contributions to the tax price of giving in Singapore.

Wu, Huang, and Kao (2004) use the Survey on Family Income and Expenditure on

Taiwan to estimate peer effects on charitable giving, and income and price elasticities

of giving. From the Tobit model, they find that for metropolitan area the price

elasticity of household level charitable contributions is around -3.3, and for non-

metropolitan area it is around -2.2. These estimates are greater than those of the

United States in absolute value.

Research on charitable giving in Korea is limited. After the 1998 economic crisis in

South Korea, encouraging charitable contributions emerged as an issue in improving

the welfare of society due to the deepened economic polarization in Korea; i.e., the

rich are getting richer, while the poor are getting poorer. However, studies on this

subject are still at an early stage because of the scarcity of the data. Park and Park

(2004) use the survey of household giving from July 3 until July 17 of 2002, which

was conducted by Volunteer 21, a non-government organization in Korea. They found

that both income and giving price are not significant in explaining charitable giving

behavior, using the Tobit model and the Heckman’s two-step estimation.

In addition, Bradley, Holden, and McLelland (2005) raised concerns about the
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assumptions of parametric estimation on which much of the emprical literature on

charitable giving – in the U.S. and elsewhere – is based. They find that the max-

imum likelihood estimation including the Tobit model produces much higher price

elasticities than those from semi-parametric methods. Their results suggest that the

parametric assumptions, especially normality assumption, may not hold.

In the above-cited studies on giving in emerging economies, researchers estimate

price elasticity from cross-sectional or pooled models under the parametric distribu-

tion assumptions. The results from studies using data from the United States suggest

that estimates of the price elasticity are greater when estimated with cross-sections

than with panel data. Moreover, the findings from Bradley et al. (2005) suggest that

charitable price elasticity estimated with a Tobit model is significantly larger than

that estimated with semi-parametric models. It is somewhat of a puzzle that research

with Korean data fails to find any significant estimates of income and price elastic-

ities at any conventional level.12 We use new panel data to estimate the price and

income elasticity with parametric methods. Furthermore, a semi-parametric method

(i.e., censored quantile regression), is adapted to compensate for some drawbacks of

the parametric methods.

4.3 Data: Korean Labor and Income Panel Study

Research on charitable giving in Korea as relied on two sources of data: survey data

and tax-filer data. In Korea, the National Tax Service (the Korean IRS) does not yet

provide public-data on tax filers.13 Here, we use the Korean Labor and Income Panel

Study (KLIPS) from 2004 to 2007. Only during these periods is the information

available on household total charitable donation.14 The KLIPS sample is an equal

probability sample of households from the seven metropolitan cities and urban areas

in eight provinces (excluding Cheju Ireland), and is designed to yield 5000 households
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and their members (aged 15 and over) interviewed. There are largely two types of

KLIPS data sets: the household data set derived from the Household Questionnaire

and the individual data set compiled from the Individual Questionnaire administered

on the household members aged over 15. The household data set includes demograph-

ics, changes in household members, family relations, and financial resource exchange

between generations, type of accommodation, children’s education and child care;

household income and consumption including charity, assets, and debts; financial

status; and consumption requirements that put pressure on household finance. The

individual data set includes a wide array of categories such as the person’s state of eco-

nomic activity; income-earning activities and consumption; education and vocational

training; employment characteristics, work hours, job-seeking activities; professional

and life satisfaction; and labor market mobility. In addition, both after- and before-

tax wages and salaries of the husband and wife are reported by the respondents. We

only use the households that have information on before-tax information.15

The KLIPS includes a specific question on the amount of charitable giving. Only

24% of total households record positive pure charitable giving. In the estimation, to

avoid the problem creating by having a logarithm of zero, we take a logarithm of the

reported amount of giving plus 1.16

Tax price of giving indicates indirectly how much the donor bears the cost of

monetary giving. Peloza and Steel (2005) shows how previous studies treat this

variable as one of the most important determinants affecting charitable giving. Given

the tax deduction, the tax-price of giving is computed by “1-the marginal tax rate”

conventionally.

In addition, the marginal tax rates are computed by the information on before-tax

wage and salary, after-tax wage and salary, number of kids, and tax schedules for the

relevant year to compute.17 In the case that both the husband and wife receive wage
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or salary income, we use the primary earner’s tax price of giving as the tax price of

giving for the household.18

The survey that we use does not include the information on individuals’ itemizing

status.19 Moreover, Table 4.3 shows that a high proportion of non-tax payers exists

in the earned income tax. About 45% of employees do not pay any income tax. In

our data, about 40% of households do not pay any income tax.20 Considering the

tax credit given to low-income groups, we note that about 69% of the households

including the non-tax payers are located below the marginal tax rate of 0.06. (See

Appendix Table 5A2 for details.)

Table 4.3: Proportion of Taxpayers in Korea

Year (in thousand persons) 2003 2005 2007
Number of employee taxpayers1 11,547 11,903 13,376
Non-taxpayers under tax threshold2 5,457 5,796 5,631
Taxpayers1 6,090 6,107 7,745
Ratio of taxpayer 52.7% 51.3% 57.9%
Source: Statistical Yearbook of National Tax, National Tax Service, Korea
aUnits are 1,000 persons.
bFor example, the tax threshold is 15.8 million Won for the household with 4
members including 2 kids under 20 years old in 2006.

The estimations were based on household panel data from surveys conducted over

the period of 2004-2007. All money values were adjusted with the base year 2005,

using the consumption price index. All descriptive statistics are Table 4A1 in the

Appendix. In the fixed effect model, we use 13,613 observations since we remove the

households that only appear for a single year.21

Andreoni and Vesterlund (2001) find that women are more generous than men in

cases in which it is relatively expensive to give. Given that female-headed households

are more likely to have less income than their counterparts in South Korea, it is

natural that contributions from a female-headed household is less than those from a
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male-headed household in terms of the absolute amount. If female-headed households

Table 4.4: Giving by Gender

Average of Real Giving per year
Gender of Head Full sample Sub-sample (charity>0) Household Income
Female Headed 20.19 89.70 2619.57
Male Headed 36.73 150.54 4591.58
Total 34.61 143.28 4356.38
Source: KLIPS 2004-2007
aUnits are 10 thousand Won.(1,000 won ' $1)

demonstrate the characteristics of male-headed households, the prediction may be

changed. These results may imply which gender is more generous on average. From

the prediction of regression, we find that female-headed households are more generous

on average. The detailed discussion can be found in section 4.4.2.1.

Table 4A2, 4A3, and 4A4 in the Appendix show the transition matrix of changes

in contributors’ giving behavior between two time periods. According to each table,

non-donors during the current year are more likely to act as non-donors during the

following year; i.e., about 88% of non-donors do not give any contribution during the

next period. However, if donors ever experience giving, they tend to contribute the

next time as well. Moreover, the proportions increase over time: 58% (2003 to 2004),

66% (2004 to 2005), and 69% (2005 to 2006). The main reason for the increment is

the decrease in the proportion of ever-donors to non-donors during the next period:

41.7% (2003 to 2004), 34% (2004 to 2005), and 30% (2005 to 2006). Non-donors have

a strong tendency to remain in the status of non-donors. It seems to be important that

policymakers note this point and provide more incentives for non-donors to venture

out of it. The high proportion of non-donors can be interpreted as an immature

culture of donation. However, this high proportion of non-donors may rather present

an opportunity for NPOs in South Korea, because the financial health of the NPOs

would be strengthened if non-donors participated in giving.
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The average contribution dropped a bit in 2004 in full sample of Table 4A1. This

reduction may be due to the economic recession in 2003 in South Korea.22 However,

the amount of charitable giving has kept increasing in the sub-sample of Table 4A1.

This phenomenon may imply that the polarization of charitable giving appears in

Korea.

4.4 Estimation Models and Results

4.4.1 Identification Strategy

An issue that any empirical study of charitable giving needs to address is that of

potential reciprocal causation between the marginal tax rate at which charitable de-

ductions are taken and the amount of charitable deductions. For taxpayers itemizing

their deductions, their taxable income decreases simultaneously as their charitable

giving increases, and their corresponding marginal tax rate can change if they fall

into lower tax brackets. Therefore, the marginal tax rate could be a function of char-

itable giving, and thus the least square (LS) estimates of the tax effects on charitable

giving may be biased. In fact, there is not much difference between the last-dollar

and the first-dollar price of giving in Korea due to the small amount of charitable

giving per household and a large tax bracket.23 Accordingly, deductible charitable

giving may not change households’ marginal tax rate. That is, deductible charitable

giving probably will not reduce the tax base enough to make the applicable marginal

tax rate drop to a lower rate. If there is no endogeneity problem, the estimation is

much simpler. Hence, we test whether the endogeneity problem exists with various

methods.24 We detect the existence of edogeneity problem.

Past and future prices of giving can be good candidates of instrumental variables

in order to identify tax effect. However, considering that current giving may be
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related to past and future tax prices of giving as well as that charitable giving may be

serially correlated across time, past and future tax prices of giving are not appropriate.

Hence, the most common procedure used in this context was to use “first-dollar giving

price” as the instrumental variable. Since the “first-dollar tax rate” was the tax price

on the first dollar of charitable giving, the “first-dollar” tax rate was uncorrelated

with charitable giving. The first dollar tax price of giving is a good instrument in

identifying the price elasticity, but it often causes collinearity problem in fixed effect

estimation.25

Following Bakija (2000), we use the tax reform information in Korea to gen-

erate exclusion restrictions, since the tax reform is an exogenous shock that gen-

erate the changes in tax price of giving. We first construct an excluded variable

which is strongly correlated with the mixture of transitory and permanent tax prices,

lnPt(M it), and then we construct another instrumental variable that is correlated

with permanent variation in tax price, lnPs(M is). We use the difference between

them as an instrument variable for the transitory tax prices to identify the elastic-

ity of charitable giving. In the estimation, excluded variables include all interaction

terms with explanatory variables.26 These variables are actually based on the first

dollar price of giving so that they don’t violate the exclusion restriction. Hansen’s J

statistic is used to test the exogeneity of the instruments. In addition, we test whether

the exclusion restriction is weakly correlated with the endogenous variable in the lin-

ear fixed effect model setting. The conditional likelihood test (CLR), proposed by

Moreira (2003), can be applied only under i.i.d. assumption. Recently Finlay and

Magnusson (2009) propose tests for weak-instrument robust inference for a general

class of instrumental variables models. The results are reported in Table 4A15 in the

Appendix. The instruments pass all the tests. The detailed explanation is covered

within section 4.4.2.1.
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4.4.2 Parametric Estimation

4.4.2.1 Linear Fixed Effect Models with IVs

Since many taxpayers have no charitable deductions, many studies of charitable giving

have used the Tobit model to estimate the effect of tax incentive on charity.27 We

estimate the linear random and fixed effect model using instrumental variables with

full samples in order to compare their estimates to the correspondence of pseudo-fixed

effect Tobit model. All specifications have the time dummies. The time dummies

remove the time series variation in the average of tax rates across the full sample

from the identifying variation.

In the random effect model, the household-specific effects remove differences in tax

rates across households that are constant across time from the identifying variation.

The first column in Table 4.5 represents the results relying on a two-stage least-

squares random-effects estimator under the assumption of Cov(Xit, ui) = 0. We

treat the ui as random variables that are independent and identically distributed

(i.i.d.) over the panels. Standard errors are computed by the panel bootstrap with

200 replications. In section 4.3, we assert that giving behaviors of male- and female-

headed households may differ on average. To test this assertion, adjusted predictions

of giving by gender is computed from the specification (1) and (2). Here we only

report the results from (1): 1.491, which would be the expected value of ln charitable

giving if everyone in the data were treated as if they were female. 0.975 would be

the expected value of ln charitable giving if everyone were treated as if they were

male. The female-headed households seem to make more charitable donations than

the counterparts. Decomposition of the each of those numbers allows us to test

whether female-headed households donate more than the male-headed.28 We have

four cases: 1a. the logarithm of average charitable giving from treating females as

88



females is 0.912; 1b. treating males as females 1.573; 2a. the expected value of ln

charitable giving from treating females as males is 0.396; and 2b. treating males as

males 1.057. It would be interesting to test the equality of 2b and 1b, to determine

whether the expected value of ln charitable giving for males treated as males is equal

to that for males treated as females. The test performed on the model would be a test

of whether the charitable giving differs between male-headed households and female

headed, when they have the same attributes. The hypothesis that two numbers of

logarithm of average charitable giving are equal is rejected at any conventional level

(χ2
1 = 49.10, p-value= 0.000). Hence, female-headed households significantly donate

more than male headed if the female-headed households have the same values of

attributes that the male-headed households have.29

Column (2) in Table 4.5 shows the two stage least square fixed effect estimates

under the independently identically distributed error assumption. Column (3) and

(4) in Table 4.5 represent the estimates from GMM estimation of the fixed-effect

model with heteroscedasticity and autocorrelation robust variance covariance matrix.

Column (5) in Table 4.5 reports limited information maximum likelihood (LIML) con-

tinuously updated GMM estimates proposed by Hansen, Heaton, and Yaron (1996).

Hahn et al. (2004) point out that LIML estimators are more robust than other IV

estimators when the instruments are weak.

Instrumental variable methods rely on two assumptions: the excluded instruments

are distributed independently of the error process, and they are sufficiently correlated

with the included endogenous regressors. From all the fixed effect models in Table

4.5, the Sargan-Hansen test (a test of overidentifying restrictions) is performed. The

joint null hypothesis is that the instruments are uncorrelated with the error term, and

that the excluded instruments are correctly excluded from the estimated equation.

The second specification of column (2) in Table 4.5 under i.i.d. rejects the null
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Table 4.5: Omniscient Estimation with IVs: 2SLS, GMM, CUE-GMM

Dependent (1) (2) (3) (4) (5)
Variable RE G2SLS FE w/IID Preferred
ln Giving w/Boot error 2SLS GMM GMM CUE GMM
ln Giving price -1.112*** -1.171*** -0.919*** -0.940** -0.899**

(0.409) (0.283) (0.319) (0.367) (0.366)

ln Income 0.146*** 0.111*** 0.111*** 0.109*** 0.109***
(0.0285) (0.0246) (0.0258) (0.0301) (0.0301)

Schooling Year 0.0887*** 0.0425 0.0437 0.0411 0.0415
(0.00931) (0.0386) (0.0439) (0.0523) (0.0522)

Head Age 0.0453*** 0.0184 0.0179 0.0190 0.0192
(0.0153) (0.0379) (0.0348) (0.0422) (0.0420)

Age squared -0.000186 -0.000274 -0.000258 -0.000267 -0.000268
(0.000154) (0.000378) (0.000356) (0.000436) (0.000435)

Gender of Head -0.516*** -0.541** -0.505*** -0.489** -0.487**
(male=1) (0.0737) (0.216) (0.177) (0.207) (0.207)

Marital status 0.291*** 0.181* 0.193** 0.195* 0.197*
(married=1) (0.0674) (0.104) (0.0950) (0.116) (0.115)

Family Size 0.0408 0.0271 0.0300 0.0283 0.0283
(0.0254) (0.0319) (0.0315) (0.0386) (0.0385)

ln Financial Asset 0.0173*** 0.0174*** 0.0181*** 0.0178*** 0.0178***
(0.00501) (0.00417) (0.00442) (0.00522) (0.00522)

House owned (=1) 0.0212 0.107** 0.103** 0.106* 0.105*
(0.0414) (0.0455) (0.0474) (0.0575) (0.0575)

2004 -0.127*** -0.0874*** -0.0904*** -0.0910*** -0.0907***
(0.0313) (0.0316) (0.0309) (0.0352) (0.0350)

2005 -0.113*** -0.0361 -0.0376 -0.0381 -0.0384
(0.0321) (0.0433) (0.0398) (0.0449) (0.0444)

2006 -0.0842** 0.0244 0.0208 0.0223 0.0218
(0.0363) (0.0580) (0.0516) (0.0568) (0.0560)

Constant -2.872*** -2.55e-10 -0.00168 -5.35e-11 -4.13e-11
(0.423) (0.00899) (0.00897) (1.07e-09) (1.06e-09)

σu 1.383
σe 1.242
N 13613 13613 13613 13613 13613
log likelihood -19961.4 -19953.0 -19953.7 -19952.5
aStandard errors in parentheses
b* p<.10, ** p<.05, *** p<.01
cColumn (1) uses random effect panel model with generalized 2SLS. Standard errors are computed
by 200 replications of bootstrap.
dColumn (2) uses fixed effect panel model with 2SLS under i.i.d. assumption.
eColumn (3), (4), and (5) uses GMM fixed effect panel model.
fColumn (3) and (4) uses robust and clustering variance-covariance matrix.
gColumn (5) uses GMM CUE fixed effect panel model with HAC robust covariance matrix.
hThe Two Stage Least Square (2SLS) estimation and Generalized Method of Moment (GMM) are
reviewed in the Appendix 4.B1.
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hypothesis at the 10% level. The Sargan test statistic, however, is only valid under

i.i.d. assumption. Since we detect the heteroscedasticity in this specification, it is

not reliable.30 Instead, we use Hansen’s J-statistic, which is known as robust against

heteroscedasticity. We fail to reject the null hypothesis even at the 20% level in all

other fixed-effect models except the second model having heteroscedasticity. (p-values

of Hansen’s J statistic are 0.28, 0.23, and 0.24 respectively for columns (3), (4), and

(5).) In addition, we test the null hypothesis that the reduced form coefficients are

underidentified by Wald version of Kleibergen and Paap (2006) rank statistic.31 The

underidentification test determines whether the excluded instruments are correlated

with the endogenous regressors. From the fixed-effect model (3), (4), and (5) in Table

4.5, the null hypothesis is rejected at any conventional level.

Estimates from instrumental variable models will not be reliable when excluded

instruments are only weakly correlated with the endogenous regressors.32 According

to Stock et al. (2002), the rule of thumb test for weak identification is to see if F -

statistic on the excluded instruments of the first stage regression is greater than 10

when one endogenous variable exists. Although F -statistics are greater than 10 from

all specifications, this high F value does not always imply that the instrument is not

weakly correlated. The rule of thumb is, however, only a rough tool to determine

whether the instruments are weak.

To account for any concerns about weak instruments, we take the following steps

after estimating various models.33 (i.e., the 2SLS, GMM, and CUE-GMM fixed-

effect models) First, we use Finlay and Magnusson’s (2009) size-correct test of weak

IV robust inference for the linear instrumental variable model with autocorrelation

and heteroscedasticity. The test results are shown in Table 4A15 in the Appendix.

In order to implement this, we re-estimate the column (2) specification in Table

4.5 by 2 Stage Least Square (2SLS) with the cluster-robust standard error, because
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heteroscedasticity was detected previously.34 Table 4A15 reports Moreira’s (2002)

conditional likelihood ratio (CLR) test statistic, the Anderson and Rubin (1949) test,

the J statistic,35 and the Lagrange Multiplier (LM) test.36 The Anderson and Rubin

(1949) test and the CLR test determine the significance of the null hypothesis that the

coefficients of the endogenous regressors in the structural equation are jointly equal to

zero and whether the overidentifying restrictions are also valid, which is robust to weak

instruments simultaneously. The Wald test is not robust against weak instruments.

The confidence set from the Wald test is a little bigger, and is in fact almost similar

to those from other robust statistics, which indicates that our instrumental variables

are not weak.37 Hence, the coefficient of endogenous variable, the price elasticity

of giving, is significant. Second, we use Limited Information Maximum Likelihood

(LIML) CUE-GMM to estimate the linear IV model and compare the estimates with

those from other linear fixed effect models, since LIML CUE-GMM estimators are

more robust than other IV estimators when IVs are weak, as Hahn et al. (2004) point

out. The LIML CUE-GMM standard error of the endogenous variable is almost

similar to that of other models. Hence both results suggest that our instrumental

variables are not weak and that finite sample bias arising from weak instruments is

unlikely to be a problem.

Finally, we test the endogeneity of the endogenous regressor (i.e., giving price) by

the Wu-Hausman F -test version of the endogeneity test. The test rejects the null

hypothesis that the endogenous variable can be treated as exogenous at 1% level.

The estimated equation, hence, has an endogeneity problem, while the exclusion

restrictions resolve the problem.

From the various specifications, we prefer the fixed-effect GMM model with het-

eroscedasticity and autocorrelation robust variance-covariance matrix in the fourth

column of Table 4.5. Most coefficients in the random effect model in the first column
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of Table 4.5 are statistically significant. Unobserved heterogeneity (i.e. generosity

or dignity), however, may be correlated with household heads’ education level, age,

and house ownership. If the correlations exist, the random effect model is not con-

sistent while the fixed effect model is consistent.38 The second specification (2) in

Table 4.5 is estimated by the fixed effect model under i.i.d. assumption. We test

the null hypothesis that the disturbance is homoscedastic by the Pagan and Hall

(1983) heteroscedasticity test after the fixed-effect IV estimation.39 We reject the

null hypothesis of the homoscedasticity in 1% significance level. The fifth column of

Table 4.5 reports the limited information maximum likelihood (LIML) continuously

updated GMM estimates proposed by Hansen et al. (1996). Hahn et al. (2004) point

outs that LIML estimators are more robust than other IV estimators when the instru-

ments are weak.40 Given that the instrumental variables pass the weak instrument

robust test as well as that giving behaviors in the current year are correlated with

those in the last year, we prefer the specification (4) in Table 4.5.

Based on specification (4), price and income elasticities are statistically significant

at the 5% level, while all the specifications report that price elasticities of giving are

statistically significant at that level. Since we fail to reject the null hypothesis that

price elasticity of giving is equal to -1 at any conventional level, we can conclude

that allowing charitable donations to be deducted provides some incentive to increase

charitable giving in South Korea. The income elasticity of giving is significant, but its

magnitude is reported around 0.11. The magnitude of income elasticity is somewhat

smaller than those of the previous studies such as Brooks (2002) and Chang (2005a).

This may be good news for NPOs in South Korea, since it would imply that the severe

income recession may not does not badly adversely affect the finances of NPOs. This

is consistent to the descriptive statistics in Table 4A1: for the sub-sample of the

households that giving is greater than zero, the mean value of amount of donation
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keeps increasing through the 2004 recession over all data periods, while the average

amount of donation for all sample decreased during the 2004 recession. In other

words, income growth may not generate a large impact on the donation to NPOs.

Interestingly, age and education are not significant in the preferred fixed-effect

model (4) in Table 4.5 as well as all other fixed-effect models. If the effect of age and

education can be taken as proxies for the effect of permanent income, we may say that

charitable contribution in South Korea does not depend on permanent income. Other

factors held constant, the change in gender of household head, (i.e., from female-

headed to male-headed households), decreases contribution by about 40%, which is

statistically significant at the 5% level.41 If a single household head gets married,

with other conditions unchanged, the contribution increases by about 20.8%, which

is marginally significant. A 10% increase in financial assets significantly increases

about 0.2% in contributions at any conventional level. The amount of financial assets

significantly affects the decision of participation, but it is unlikely to affect severely the

decision regarding the amount of giving. The status of house ownership is marginally

significant when a household decides to participate in giving. When a household owns

its house, the contribution goes up by about 11%. Comparing the specifications (3)

and (5) with (4) in Table 4.5 as a robustness check method, the sizes of price and

income elasticities are almost similar. In addition, there is no loss of significance for

all the explanatory variables across all the specifications.

4.4.2.2 Pseudo-Fixed Effect Tobit Model with Control Function

Since the amount of charitable giving is continuous over strictly positive values but

it takes on zero with positive probability, using a linear model for the charitable

giving does not necessarily pose problems. However, negative fitted values could

be obtained and then it leads to negative prediction for the charitable giving. In
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addition, the assumption that an explanatory variable appearing in level form has a

constant partial effect on conditional expectation of giving is not consistent with such

data. To obtain more plausible partial effects we therefore estimate the pseudo-fixed

effect Tobit model using Rabe-Hesketh, Skrondal, and Pickles (2005) GLLAMM.42

The pseudo-fixed effect model includes group mean values of time varying explanatory

variables (Mundlak, 1978).43 By doing so, we can remove unobservable heterogeneity

within the random effect estimation.

Let us compose Xit = (xit1, zit), where zit can be an exclusion restriction of the

price, ln pit. The linear reduced form for the price of charitable giving, ln pit, is

represented by the following:

ln pit = ψ +Xitδ2 + X̄iα2 + vit2, t = 1, .., T (16)

Since the price pit is a continuous endogenous explanatory variable, the above equation

can be estimated by regressing pit on the time dummies, all exogenous variables, and

group means to get the residuals, v̂it2. These residuals are included in the pseudo-fixed

effect Tobit model along with time dummies, ln pit, xit, and X̄i.

ln g∗it = α1 ln pit + x′it1β + X̄ ′it1ξ1 + ρv̂it2 + εit (17)

ln git = max(0, ln g∗it) (18)

εi|(Xi, vit2) ∼iid N [0, σ2
ε ] (19)

This control function approach is adapted following Smith and Blundell (1986) and

Rivers and Vuong (1988) under the assumption that the endogenous variable, the

price of charity, has a linear reduced form with additive normal error independent

of the exogenous variables.44 The general idea of the control function approach is
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to model endogeneity as an omitted variable. Since the last dollar price of giving

is a continuous endogenous explanatory variable, we can combine the pseudo-fixed

effect Tobit model with the control function approach. Since we use the two-step

procedure, the standard errors in the second stage should be adjusted for the first

stage estimation.45

The Tobit model relies on normality and homoscedasticity in the underlying latent

variable model. If normality assumptions in equation (19) fail, the estimates may not

be consistent. One informal way to evaluate whether the Tobit model is appropriate

is to compare the estimates from the Tobit with estimates from a probit model.46

We fail to find certain problematic signs comparing both the estimates of Table 4A17

and Table 4A18.47 Hence, we estimate the pseudo-fixed effect Tobit model under the

assumption that individual specific effect and idiosyncratic error are independently

identically normally distributed.

Table 4.6 shows the estimated results. The unconditional marginal effects from

the pseudo-fixed effect Tobit specification are similar to coefficients estimated in the

fixed effect model produces. We detect endogeneity problem, since the coefficient of

the control function is significant at any conventional level.48 The estimation results

go with those in linear panel models in Table 4.5. Roughly comparing Table 4.6 with

the Table 4.5, all coefficients in Table 4.6 have the same sign as the corresponding

estimates in Table 4.5, and the statistical significance of the estimates is similar.

The GMM fixed effect model (4) in Table 4.5 and pseudo-fixed effect model with

the Mundlak (1978) approach in Table 4.6 agree with each other. The schooling years

of household head and the age of head are not significant at any conventional level.

In addition, the magnitudes of unconditional marginal effects are very similar to each

other.49 We find that we have endogeneity problem, since the coefficient of control

function is significant at any conventional level. Price and income elasticities in Table
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Table 4.6: Pseudo-Fixed Effect Tobit Model

Dependent Variable Coefficient S.E. Unconditional S.E. Conditional S.E.
ln Total Giving Marginal Effect Marginal Effect
ln Giving Price -3.350*** (1.284) -0.830*** (0.319) -0.806*** (0.309)

ln Income 0.512*** (0.126) 0.127*** (0.031) 0.123*** (0.030)

Schooling year 0.180 (0.178) 0.045 (0.044) 0.043 (0.043)

Head Age 0.154 (0.185) 0.038 (0.046) 0.037 (0.044)

Age squared -0.002 (0.002) 0-.00045 (0.0005) -.00044 (0.0004)

Gender of Head (male=1) -2.830** (1.120) -0.884** (0.427) -0.765** (0.339)

Marital status (married=1) 1.200** (0.582) 0.275** (0.123) 0.278** (0.130)

Family Size 0.119 (0.150) 0.029 (0.037) 0.029 (0.036)

ln Financial Asset 0.068*** (0.020) 0.017*** (0.005) 0.016*** (0.005)

House owned (=1) 0.354* (0.213) 0.087* (0.052) 0.085* (0.051)

2004 -0.461*** (0.148) -0.111*** (0.035) -0.11*** (0.035)

2005 -0.330* (0.200) -0.080* (0.048) -0.079* (0.047)

2006 -0.048 (0.268) -0.012 (0.066) -0.012 (0.064)

Control function 5.347*** (1.633) 1.325*** (0.406) 1.287*** (0.393)

Constant -20.818*** (2.027)
Group Means
Mean price -3.428 (2.985) -0.850 (0.739) -0.825 (0.718)
Mean income 0.291 (0.237) 0.072 (0.059) 0.070 (0.057)
Mean schooling year 0.107 (0.181) 0.027 (0.045) 0.026 (0.043)
Mean Age 0.047 (0.197) 0.012 (0.049) 0.011 (0.047)
Mean Age squared 0.001 (0.002) 0.00024 (0.0005) 0.00023 (0.0005)
Mean Gender 0.196 (1.188) 0.048 (0.294) 0.047 (0.286)
Mean Marital status 0.850 (0.702) 0.211 (0.174) 0.205 (0.169)
Mean family size -0.006 (0.187) -0.001 (0.046) -0.001 (0.045)
Mean financial Asset -0.018 (0.046) -0.005 (0.011) -0.004 (0.011)
Mean house owned -0.619* (0.325) -0.153* (0.081) -0.149* (0.078)
σu 4.711*** (0.113)
σe 3.210*** (0.052)
N 13613
log likelihood -13288.068
aRobust standard errors in parentheses
b* p<.10, ** p<.05, *** p<.01
cStandard errors of partial effects are computed by Delta-method.
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4.5 and Table 4.6 are significant, and the sizes are similar. Here, we also fail to reject

the null hypothesis that the price elasticity is equal to -1 at any conventional level.

Therefore, we cannot conclude that the tax incentives are not effective in raising the

amount of donations made to NPOs in South Korea.50

4.4.3 Censored Quantile Regression with IVs

Since the estimation of the effect of tax incentive on charitable giving focuses on the

various effects on the conditional mean of charitable giving, the size and nature of

these effects were not represented on the lower tail of the charitable giving distribu-

tion.51 Applying censored quantile regression to the corner solution case allows one

to account for more features of the conditional distribution of charitable giving in the

estimation.52

Literature on the quantile regression models using panel dataset has been small

but growing (Abrevaya and Dahl, 2008; Canay, 2008; Honore, 1992; Koenker, 2004;

Rosen, 2009)). The difference between an equation (29) and a panel quantile model is

the existence of the unobserved ci. If ci were observable and the parameter of interest

is β(τ),

Yit = X ′itβ(Uit) + ci, P (Yit ≤ X ′itβ(τ) + ci|Xi, ci) = τ, (20)

where t=1,...,T , and i=1,...,n under the assumption that Uit ∼ U [0, 1]|Xi, ci and the

function τ → X ′β(τ) is assumed to be strictly increasing in τ ∈ (0, 1). However,

the random variable ci is not observable and could be correlated with other random

variables, which hinders consistent estimation of the model.53 The literature on the

mixture of censored panel data and quantile regression is much rarer.54 Hence, we

don’t use the quantile fixed effect model. Instead, we use censored quantile regression

with instrumental variables (CQIV) for cross-sectional data, since quantile regression
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itself can account for the unobserved heterogeneity and heterogeneous effect in a

cross-sectional setting.

Chernozhukov, Fernandex-Val, and Kowalski (2009) demonstrate a simple way of

estimating censored quantile regression with instrumental variables (CQIV) for cross-

sectional data. They adapt the Iterative Linear Programming Algorithm (ILPA)

proposed by Chernozhukov and Hong (2002) and the control function approach to

handle endogeneity. However, Fitzenberger (1997) points out that ILPA is not guar-

anteed to converge and convergence does not even guarantee a local minimum of the

CQR problem. Here, we adapt the resampling strategy introduced by Bilias et al.

(2000) for censored quantile regression and the control function approach under the

mean independence assumption between the tax price variable and the new error term

having the control function.55

The censored quantile instrumental variable model is formalized as

ln g = max(ln g∗, 0) = T ((ln gi)
∗) (21)

(ln g)∗ = Q(ln g)∗(U |P,X, V ) (22)

P = φ(V,X,Z), (23)

where ln g is the logarithm of observed year-end charitable giving, and T (x) ≡

max(x, 0) is the transformation function that censors the unobserved uncensored

value of (ln gi)
∗ at 0, where 0 is lower limit for censoring following Chernozhukov

et al. (2009). P is the last dollar marginal tax price of giving, and X are covari-

ates described in the previous section except education level of household head,56 Z

is the instrumental variables, V is a latent unobserved regressor working as control

functions, and U satisfies the assumption that U ∼ U(0, 1)|P,X, 0, V . The functional

form allows for random coefficients that vary with the percentiles of the charitable
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giving distribution:

(ln g)∗ = α(τ) +X ′β(τ) + γ(τ)V

The control term, V̂ is estimated by predicting the OLS residuals from the first

stage equation. The 90% confidence intervals on the coefficients are obtained by

bootstrapping with 500 replications.

The estimates are only from the 2004 cross-sectional data. We choose 2004 data

because we believe that the variation of charitable giving during this year is larger

than in other years, since household income decreased due to the 2004 recession

and giving price from the 2005 tax reform expected an increase.57 Roughly 23% of

the households give charitable contributions greater than zero. Many unobserved

charitable giving and little price variation hinders obtaining precise estimates below

the 0.77 quantile of the charitable giving distribution. Although estimates can be

obtained below the 0.77 quantile, the values are not reliable. Hence, we only report

the 0.77 quantile and above.

In the cross-sectional model, we use the first dollar price of giving as an instrument

variable following the tradition of this research area because the tax reform informa-

tion cannot be applied to the cross-sectional data. Figure 4A3 in the Appendix 4.A6

presents a summary of censored quantile regression results. The solid line with dots

represents the point estimates β̂j(τ) : j = 1, ..., 14 with the dotted lines depicting a

90% pointwise confidence band. The significance of the variables is similar to that of

the random effect model.

In the first panel of the figure 4A3 in the Appendix 4.A6, the intercept of the model

may be interpreted as the estimated conditional quantile function of the charitable

giving distribution of female-headed with no-house ownership having a head with
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less than a high school education. The price elasticity is significant at the lower and

middle tail, but it is insignificant at the higher tail. At the lower tail, the donors are

very sensitive to the price changes. Given income and other variables, the households

with a high level of giving at the right tail are insensitive to price. Low tax awareness

makes the estimated tax price elasticities insignificant or small in absolute value.

Schokkaert (2006) points out that the differences in tax awareness are related to

underlying motivations of giving.58 If crowding-out occurs in the large donors’ side,

they may be dutiful altruists. For example, religious giving represents about 80% of

total giving in South Korea, according to the Korean government. In that case, tax

price of giving may not be significant.59

Income has a significantly uniform and positive effect over the whole range of

the distribution, and the magnitude is small. A large increase in income may not

cause a large increase in contributions across all distribution of giving. The effect of

university education differs across the conditional distribution. As household heads’

education increases, the percentage increase in charitable giving increases over the

whole range of the conditional distribution. Except in the household with a very high

level of charitable giving, female-headed households give less charitable contributions

than male-headed. Households with very high contributions are not sensitive to the

change in the gender of household head. Households with very high contributions

do not respond to the age of household head, but across other conditional distribu-

tion, an increase in the age of household head significantly increases charitable giving.

Households with a moderate level of contribution increase giving, with a decreasing

rate with an increase in age. Married status among heads significantly positively af-

fects the percentage of change in charitable giving across all ranges of the distribution

except the right tail. Generally speaking, we find that households’ charitable giving

decisions are affected by the different factors across the distribution of charitable giv-
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ing. Households with large amount of giving are not affected by price, head sex, head

age, and marital status in South Korea. When policymakers set up policies about

tax and charitable giving, they should note that the behaviors of big-contributors are

different from those of small-donors.

4.5 Conclusion and Policy Implications

This study analyzes the household’s determinants of charitable giving and effect of

tax incentive on charitable giving in South Korea. We find that the charitable giving

in South Korea is determined by household income, tax price of giving, gender of

household head, marital status of head, amount of financial asset, and house owner-

ship from the pseudo-fixed effect estimation. Household heads’ education and age do

not affect whether the households choose to donate.

All specifications report that the price elasticity of giving is significant, although

its estimated size is not 1 in absolute value. The estimated price elasticities are

similar or somewhat smaller than those based on the data from the United States

or other Western countries. The income effect on giving is also significant, but the

magnitude is very small. Although per capita GDP increases over time, the ratio of

giving to GDP in Korea may not be expected to increase. Hence, tax incentive is a

more important tool to boost up the charitable contribution in South Korea.

The maturity of civil society can be measured by how well nonprofit sectors com-

plement the functions that are the primary responsibility of the government.60 Since

the late 1990s, many NPOs, including public-serving nonprofit and voluntary and

grassroots associations, have been founded in South Korea, but they have suffered

from financial difficulties. To alleviate their financial difficulties, Korean govern-

ment implemented an Act for Nonprofit Organization Aid in 2000, through which the

government directly provides financial support to NPOs. The government’s direct
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financial support requires responsibility; for example, obeying the management stan-

dard and procedure imposed by the government. Hence, the direct financial support

may affect organizational autonomy, financial autonomy, and program autonomy. In

addition, the government can only choose and support the NPOs that are favored by

the government.61 Therefore, the best way to support NPOs is to increase voluntary

donation.

Given the low participation rate of charitable giving in South Korea, the increase

of the ratio is required. From all the various specifications in this study, the tax

price of giving is a significant determinant when households decide whether to take

part in donation or not. Considering that ever-donors, in addition, are likely to take

part in giving repeatedly in the future62 (See Appendix 4.A2 Transition matrix), the

expansion of tax deductibility has the potential to increase the participation rate.

Naturally, a culture of giving will be also fostered. Therefore, the expansion of tax

deductibility or tax credit is an effective method to support NPOs without hurting the

NPOs’ autonomy as well as to foster the culture of donation.63 The tax deduction

helps provide the financial resources that NPOs need to provide collective public

goods. Furthermore, it can help facilitate the creation of new NPOs’ particularly in

the early stage of a civil society like South Korea.64

Notes

1According to Vesterlund (2006, p.581), “necessary for a unit elastic demand to be the threshold
for efficiency is also that individuals truly make the contributions they report on the tax form, and
that the government is able to make a direct transfer without adversely affecting the contributions by
others.” Therefore, considering that religious organizations do not receive government expenditures
as a substitute for private contribution, the concepts of “treasury efficient” or “golden rule” may
not be rigorously applicable to analysis of our data because our data does not allow classification of
the aim of charitable giving.

2Cordes (2001) points out that the uncertainties about the price sensitivity of giving will disappear
as data improve. But he argues that consideration of charitable giving will require more than
estimates of price elasticity. List (2007) also points out that institutions are important in the
decision of charitable giving.

3According to Giving USA 2008, the ratio of individuals’ charitable giving to GDP was about
1.7% in the 2000s’ in the United States.
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4The Korean Labor and Income Panel Study (KLIPS) does not have information about the aims
of donation.

5These models can work as a good reference for the Tobit model as if a linear probability model
is a good reference for a probit model.

6A cross-sectional data set only allows us to examine the relationship between current price and
income and current charitable giving. Using the cross-sectional data, the omitted variable bias
appears, for example, the expected future price of giving. Bakija (2000) points out that, if the
current price is different from the expected future price, and if people are willing to respond by
changing the timing of their giving, then estimates that involve only the current price would be
biased to estimate the permanent price elasticity.

7Barrett, Mcguirk, and Steinberg (1997) summarize the advantages of using panel data set in this
topic: First, sufficient information of panel data set allows us to control for a variety of unobserved
but confounding influences. Second, panel data set that spans statutory tax changes helps us account
for the independent effect of price and income on giving. Third, timing and other dynamic effects
can be estimated within panel setting.

8The permanent price elasticity exceeds the absolute value of 1.
9Auten et al. (2002) directly estimated the variance and covariance matrix of income and prices

by explicitly modeling the dynamic process determining prices and incomes.
10It is due to the statistical assumptions to identify the permanent response from the transitory

response in the data.
11He argues that high price elasticity may be due to the measurement error on deductible contri-

bution or income. He also maintains that certain parts of the population are more likely to file tax
returns than others.

12Park and Park (2004) mentioned Park, Park, and Jeong (2002), one of their previous studies
on the same topic. Park et al. (2002) also fail to find significant estimates of income and price
elasticities in Korea.

13Tax-filer data might be more accurate than survey data because variables, such as income, age,
donation, itemizing status, and so on, are taken from income tax returns.

14Peloza and Steel (2005) take Clotfelter’s (1985) argument about speculation of using survey
data; elasticities derived from survey data may be artificially high.

15The limitation of our data is that all workers are treated as wage and salary workers. Hence,
the profit of self-employed workers or business owners is not included in this study, since large
measurement error can occur through the inclusion of the profit or loss.

16As a robustness check, we estimate censored quantile regression models censored at contribution
of 5 again. We fail to find any loss of significance.

17While NBER’s TAXSIM can be used for research on the United States, it cannot be used for
Korean data. Moreover, there is no standardized version of any computing programs for marginal
tax rates of South Korea. Therefore, marginal tax rates for each year are computed by the author
using the given information. Appendix 4.A4 presents how to compute the marginal tax rates.

18The tax report is based on the individual unit. Hence, the joint report does not necessarily
give benefit to filers in South Korea. In the case that a household has many dependents, it is more
beneficial to report separately; for example, the household head gets deduction from the number of
dependents and the wife also gets a deduction using the other dependents that are not included in
the household head’s tax report.

19Korean tax system does not classify the itemizers.
20The difference in the numbers is due to KLIPS only including information from urban areas.

For the most part, income in urban areas is greater than that of rural areas.
21Cook’s distance, standardized residuals, studentized residuals, and DFBETA are used to de-

tect bad influential observations. The detected observations are removed, leaving us with 14,266
observations.
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22Real GDP growth rate in Korea decreased from 7.2% in 2002 to 2.8% in 2003. The number of
donors also decreased from 900 in 2003 to 790 in 2004.

23The last dollar-price of giving is defined as “1-the marginal tax rate after all deductions,” while
the first dollar price of giving is defined as “1-the marginal tax rate evaluated at zero dollars giving”

24We test whether the endogeneity problem exists by the control function approach in both the
pseudo-fixed effect Tobit and censored quantile model with IV as well as by Wu-Hausman F-test in
all fixed effect models.

25We also have the same problem in the fixed effect estimation. The collinearity arises from the
property of the marginal tax rate: marginal tax rate is a non-linear function of income, and the
function is largely the same for everyone during a given year. In addition, the first dollar price may
itself be correlated with the unobserved determinants of contributions if the unobserved determinants
of giving (for example, generosity or dignity) are correlated with other deductions or income sources.

26Methods to construct these variables are given in Bakija (2000, pp. 17-20). He constructs
lnPs(M is), the log price function based on the known year s tax schedules, evaluated at an “aver-
aged” measure of taxable income M is. M is is based on four-year individual averages of before-tax
income and deductions other than charity, adjusted for known features of the year s definition of tax-
able income. The instrument constructed for transitory variation in price is lnPt(M it)− lnPs(M is),
the difference between year t and year s marginal tax rates due entirely to legislated changes in the
tax schedules. Here t represents current year and s represents next year when currently enacted tax
law is fully phased-in.

27We treat charitable giving as a consumption good following the same track of the previous
empirical research. Andreoni (1990) and Andreoni (2006) propose “warm-glow” theory, in which
individuals get some utility from consuming charitable contributions. Following the tradition, the
demand for charitable giving by donors can be explained by utility maximization. The optimal
amount of giving can be determined within the utility maximization. In addition, the effect of
income tax on giving can be analyzed within this framework, and the optimal consumption level
of charity is determined subject to tax-price of giving and total income. A utility maximization
problem for charitable giving may be represented by Ui(x, g) = x + ai ln(1 + g), where x is annual
consumption and g is annual charitable giving. The variable ai determines the marginal utility of
giving for household i.

max Ui(x, g) = x+ ai ln(1 + g)

s.t. Ii = xi + pigi

x ≥ 0, g ≥ 0,

where Ii is household income and pi is the tax price of charitable giving. Hence, a corner solution,
gi = 0 exists if ai ≤ pi by the Kuhn-Tucker conditions.

28The following test is different from the overall significant test of head-gender variable.
29However, we cannot conclude that female-headed households are more generous than male

headed over the whole range of a contribution distribution since the test performed above is only
evaluated at the conditional mean. The detailed study is for another project.

30Pagan and Hall (1983) heteroscedasticity test is performed after the fixed-effect IV estimation.
We reject the null hypothesis of the homoscedasticity in 1% level.

31The traditional test of the rank of a matrix for the standard (stationary) case is the Ander-
son canonical correlations test (Anderson, 1951). But this version of the test is not robust to
heteroscedasticity.

32As Angrist and Pischke (2009, chap.4) summarize, point estimates with weak instruments are
biased, and naturally Wald test is unreliable.

33These models can work as a good reference for the Tobit model as if a linear probability model
is a good reference for the probit model.

34 Moreira (2002) discusses alternative test statistics that are also robust for weak instruments.
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After “within-transformation” of data, we use the Stata command ”condivreg” to estimate coverage-
corrected confidence sets and p-values for the null hypothesis that the coefficient of endogenous
variable is not significant under i.i.d. Both the conditional likelihood ratio test and the Lagrange
Multiplier test reject the null hypothesis at any conventional level. 95% confidence sets are reported
as [−1.717302,−.6335934] and [−1.717556,−.6333413], respectively, and both sets do not include 0.
This test does not support robust standard error.

35It tests only the overidentification restrictions evaluated at the null hypothesis. It differs from
Hansen’s J statistic.

36It only tests whether the structural parameters are significant.
37In case of weak instruments with intracluster-dependent errors, the confidence set from the Wald

test is far greater than those from other robust statistics. In the Table 4A15 in the Appendix, we
also find that our exclusion restrictions are not weak.

38The Hausman test can determine the existence of the correlation. The null hypothesis is
marginally rejected that the estimates from the random effect model are consistent. (χ2

(12)=19.20

and p-value=0.083)
39The fixed IV estimation procedure is as follows: the “within transformation” is first applied to

the data, (i.e., all variables have group means subtracted), and then an IV estimation is performed
on the demeaned data.

40LIML is less precise than 2SLS but also less biased.
41Following Halvorsen and Palmquist (1980), the interpretation of the coefficients of dummy vari-

ables when the dependent variable is log-transformed is given in: 100(exp(b− V (b)/2)− 1), where b
is a coefficient and V (b) is a variance of b.

42Rabe-Hesketh, Skrondal, and Pickles’ (2005) GLLAMM allows us to use adaptive quadrature
method, while Stata’s command “xttobit” only has the fixed quadrature method. If the percent
contribution to the total variance of the panel-level variance component is large, the fixed quadrature
approximation can become less accurate.

43Estimating the fixed effect model for the censored panel data is practically and theoretically dif-
ficult in the Tobit model setting. Since git in (18) is observed only after transformations, difference-
estimation and within-estimation are impossible. Large N and fixed T require many dummy vari-
ables di so that it is practically impossible to estimate the fixed effect model. Moreover, theoretically,
the incidental parameter problem can appear as the number of parameter increases with N and fixed
T .

44This method, (i.e., the control function approach) has a few advantages against plugging the
fitted values. The addition of predicted residuals of the reduced form into the random effect model
can solve the endogenous problem regardless of how the endogenous variable appears. Plugging
fitted values for the endogenous variable only works in the case in which the model is linear in the
endogenous variables. In addition, the control function approach makes it much easier to test the
null hypothesis of endogeneity of the variable as well as compute average partial effects.

45Alternatively, the panel bootstrap can be used to compute standard errors, even though it
consumes too much computing time.

46Table 4A18 in the Appendix shows the estimates of the random effect probit and the pseudo-
fixed effect probit models. The standard errors are computed by the panel bootstrap with 200
replications.

47Both Tables have the standard errors from 200 replications of bootstrap.
48Robust standard errors of coefficients are included. All standard errors are adjusted for the first

stage regression.
49Unconditional marginal effect can be compared to the coefficients in Table 4.5. The uncondi-

tional marginal effects in Table 4.6 are computed by multiplying the adjustment factor with the

Tobit estimates: ∂E(g|x)
∂xj

= βjΦ(xβ/σ). Evaluated at the sample mean values of the explanatory

variables, the factor Φ(x̄β̂/σ̂) is about 0.248, which is a consistent estimate of probability of giving
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> 0 conditional on the explanatory variables Pr(g > 0|x). In addition, the conditional partial effects
for the sub-sample of households with charity>0 can be computed by the factor, 0.2407.

50As a robustness check, we estimate the same specification using Stata’s command “xttobit” with
200 replications of bootstrap to compute standard errors. Bootstrap standard errors are known as
robust against heteroskedasticity. We draw pairwise plots of the standardized residuals and each
regressor. The control function and the standardized residual plot show that the control function
may be a candidate causing heteroscedasticity. Also, estimates of censored quantile regression imply
that the control function may cause heteroscedasticity. In addition, we detect the existence of
heteroscedasticity in the fixed effect model (2) of Table 4.5.

51We have estimated models with a corner solution, because charitable contribution has a mass
point at zero. The Tobit model generates a few features of conditional distribution of charitable
contribution given the explanatory variables, such as Pr(g|g > 0, X), E(g|g > 0, X), and E(g|X).

52Since Powell (1986) introduced censored quantile regressions (CQRs), one can estimate quantiles
of the conditional distribution.

min
β̂(τ)

n∑
i=1

ρτ (ln gi − T (X
′

iβ(τ))), (24)

where ρτ (u) = {(1 − τ)I(u < 0) + τI(u > 0)}|u|. It allows
√
n-consistent estimates of β without

assuming a particular distribution for the error term and without even assuming that the error and
covariates are independent.

53 Rosen (2009) shows that a conditional quantile restriction alone does not identify β(τ). If the
equation (20) is represented as

Yit = X ′itβ(τ) + ci + eit, P (eit(τ) ≤ 0|Xi) = τ, (25)

where eit ≡ X ′it[β(Uit) − β(τ)], the conditional quantile restriction Qeit(τ |Xi) = 0 does not have
enough identification power since eit is not identical across t. Canay (2008) argues that Abrevaya and
Dahl’s (2008) method of obtaining an estimator of β(τ) could be problematic based on Rosen’s (2009)
proof. Abrevaya and Dahl (2008) use the correlated random-effect model with the Chamberlain
(1982) approach, which views the unobservable individual heterogeneity as a linear projection onto
the observables plus a disturbance.

54Honore (1992) uses an assumption that errors are conditionally independent and identically
distributed. Showing that assumption implies symmetry of the distribution of observed outcomes,
he consistently estimates the parameters of the censored model. However, this is not applicable in
the heavily censored case, because Honore’s (1992) estimation is a version of censored least absolute
deviation (CLAD); i.e., median regression. Due to the fact that our data is heavy censored, we use
cross-sectional model instead of Honore (1992).

55The advantages of CQIV are summarized by Kowalski (2009): first, the CQIV allows the co-
efficients to vary with the quantile of interest; second, CQIV allows for endogeneity and handles
censoring nonparametrically. One of disadvantages of quantile regression is attenuation bias caused
by censoring, which also occurs in the parametric mean regression.

56Household head’s education year dummies are generated into four categories: university gradu-
ates, some college education, high school, and under high school

57Time adjustment effect for donors may be expected, i.e., people can donate more to avoid a
future high price of giving after tax reform. To confirm that our estimates are not affected by the
time adjustment effect, we estimate the marginal distribution functions of contribution during 2003
and 2004, controlling for the relevant explanatory variables following Machado and Mata (2005).
The difference between them is not significant over the whole range of giving distribution. The 95%
confidence bands for the differences are computed by 1000 replications of bootstrap. Hence, there
is no evidence of time adjustment effect in South Korea from 2003 to 2004. (See Appendix Figure
4A1.)
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58Schokkaert (2006) summarizes the motivations of giving: material self-interest, social prestige,
reciprocity, dutiful altruism, social pressure, pure altruism, and empathy.

59Eckel and Grossman (2004, p.273) argue that the extremely religious households could not
respond to price change, while income elasticity could be equal to 1 in the extreme case.

60A role of the nonprofit sector is to complement the market failure and government failure.
Brinkerhoff, Smith, and Teegen (2007) summarize the complementary roles of the third sector: pro-
viding services; advocating policy process; demanding an appropriate mix of public goods from
governments and donors; intermediating among local communities, other civil society actors, gov-
ernments, donors, and private sectors; and building the capacity of community groups to interface
with government and private sector actors.

61The conflict between the government and NPOs makes social benefits smaller than they might
be under more cooperative arrangements (Brinkerhoff et al., 2007, chap. 3). On the other hand,
the government’s direct support may be beneficial to NPOs; it may establish credibility of NPOs
by recognition. The credibility acquired by the government’s support helps NPOs to garner more
donations.

62Sociological work suggests the existence of “the memory” effect, such as learning by doing or
developing a role identity (Piliavin and Charng, 1990).

63France allows tax credit for charitable giving instead of tax deductibility.
64Fortunately, the Korean government plans to extend the tax deductibility of giving in the 2010

Tax Reform. This reform increases the tax deductible cap up to 20% of the taxable income from
the current 10%.
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Chapter 5: Who are more Generous–the Religious vs. the Nonreligious?:

Quasi-Experimental tests of Tax Incentives on Giving from COPPS

5.1 Introduction

Using 4 waves (2001, 2003, 2005, and 2007) of panel data from Center on Phi-

lanthropy Panel Study (COPPS) within Panel Study of Income Dynamics (PSID),

we test whether or not religious generosity extends to secular giving using a quasi-

experimental design. We use a pseudo-fixed effect Tobit models to remove household

unobservable effects. Additionally, while many researchers have explored the deter-

minants and tax effects of aggregate giving, there are few studies of charitable giving

disaggregated by type of giving (e.g. type of charitable organization receiving do-

nations). We also contribute to this smaller literature. Finally, we estimate price

and income elasticities over the distribution of secular giving by censored quantile

regression with instrumental variables (CQIV). Given that the distribution of giving

in the United States is skewed, traditional conditional-mean regressions may result

in misleading estimates because price and income elasticities may vary across the

distribution of giving.

Religious causes are popular recipients of donations - religious organizations re-

ceived the largest share of total giving, with one-third (33%) of the annual total giving

(2010 Giving USA).1 While the proportion of religious giving to total giving has de-

creased over time, religious giving is still the largest share of giving in the United

States. When the relationship between charitable giving and religiosity measured
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by religious service attendance is complementary (Olson and Caddell, 1994; Forbes

and Zampelli, 1997; Iannaccone, 1997; Dahl and Ransom, 1999; Chang and Chang,

2006), religious households will give more to charity than nonreligious households.2

Yet, considering charitable giving as a form of tithing that is institutionalized by

major Western religions, we cannot conclude that religious households are more gen-

erous than nonreligious simply because religious households donate more than their

counterparts.3

In fact, many religious and nonreligious households participate in neither reli-

gious nor secular giving. Smith et al. (2008, p.29) conclude that “at least one out of

five American Christians–20% of all U.S. Christians–gives literally nothing to church,

para-church, or nonreligious charities.” According to our data, COPPS, 24% of re-

ligious households do not participate in religious giving. Moreover, 19% of religious

households do not participate in any religious or secular giving. Of course, the partic-

ipation rates of religious households are higher than nonreligious in total giving.4 It is

the case that a larger percentage of religious households contribute at least something

to charity compared with nonreligious households. However, this result may be ex-

pected because of institutionalized tithing among religious households. One strategy,

however, for mitigating the effect of institutionalized tithing is to focus on giving to

secular causes only to examine whether religious households are more generous than

nonreligious households.5

In this study, we explore whether religious households are more generous than

nonreligious households are and whether generosity of the religious extends into the

secular causes using data on giving to secular causes by religious and nonreligious

households. If religious givers internalize tastes for charitable giving as good deed

and not just as an obligation, one might expect religious givers to be more generous

than nonreligious givers in the case of secular as well as religious giving. We test this
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hypothesis.6

In a quasi-experimental setting with a pseudo-fixed effect model, we find that

religious households are more generous than the nonreligious when we consider both

participants and non-participants together.7 When, however, we separate households

into those that report nonzero giving and those with zero giving, we find that condi-

tional on giving at least something, that there is no difference in generosity between

the religious and the nonreligious. Thus, the difference in generosity between the

religious and nonreligious givers can be attributed to differences in the giving par-

ticipation rate. Therefore, it is difficult to say that the generosity of the religious

extends to secular giving when we analyze only the participants of secular giving. If,

however, we interpret the high participation rate as generosity, we can conclude that

the generosity of the religious extends to secular giving, and that religious givers are

more generous than nonreligious givers.

In addition, as noted by Eckel and Grossman (2004, p.273), “there has been little

analysis of any differential in how religious and nonreligious givers respond to tax

subsidies.” If we assume that very religious households accept tithing as an obligation,

and if they tithe a certain part of their income, their predicted income elasticity of

religious giving would be equal to 1 while the predicted price elasticity would be

zero.8 However, the behavior of laboratory experiment participants, as in Eckel and

Grossman (2004), would be inconsistent with real-world behavior due to individual

specific heterogeneity, such as different degrees of generosity or altruism. In this

study, we use pseudo-fixed effect models to control for the effect of the heterogeneity.9

When we do so, we fail to find significant difference between the religious households’

and the nonreligious households’ price elasticities. Moreover, most researchers have

mainly explored the determinants and tax effects of total giving by either households

or individuals. Rarely are different types of contributions studied. There are a few
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studies about disaggregated giving by cause, i.e. religious or secular (Feldstein, 1975;

Reece, 1979; Schiff, 1985; McClelland and Kokoski, 1994; Yen, 2002; Gruber, 2004;

Bradley et al., 2005; Chang, 2005b; Brooks, 2007). Hence, we decompose households’

giving into various causes and explore the tax effects on giving of different types. We

find that price elasticities of giving differ based on the object of the contribution (e.g.

type of charitable organization).

This paper is organized as follows. The empirical literature is briefly reviewed in

the next section 5.2. Section 5.3 describes the Indiana Center on Philanthropy Panel

Study (COPPS) and analyzes the simple descriptive statistics of the COPPS. Section

5.4 presents the empirical models and results. Section 5.5 summarizes the results and

discusses some policy implications.

5.2 Empirical Literature Review

There have been many studies on the effect of tax incentives on charitable giving in

Western countries including the United States.10 The earliest estimates are based

on cross-sectional log-linear model (Feldstein, 1975; Feldstein and Clotfelter, 1976),

and imply that the price elasticity of giving is significantly greater than -1 (in ab-

solute terms). After recognizing the censored nature of giving data, researchers es-

timated Tobit models of giving (Reece, 1979; Kitchen and Dalton, 1990; Schokkaert

and Van Ootegem, 2000). Kitchen and Dalton but not Shokkaert and Van Ootegem

found that charitable giving was significantly price elastic. Other researcher have ex-

ploited the fact that some variables determine the decision of whether to give or not,

but not the amount given and have estimated the Heckman two-step model (Smith

et al., 1995). Smith et al. (1995) find that the estimated price elasticity is inelastic

and not statistically significant. According to Clotfelter (1985), the estimated price

elasticities of charitable giving from cross-sectional data vary from -0.04 to -2.5 based
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on variables, data sets, and specifications. Steinberg (1990) updates this survey of

empirical findings.

The availability of panel data has allowed a number of studies to account for the

effect of permanent income on giving, along with the dynamics of income and price

effects (Randolph, 1995; Barrett et al., 1997; Bakija, 2000; Auten et al., 2002; Bakija

and Heim, 2008). Studies using panel data set have generally found substantially

smaller price elasticities than those using cross-sectional data in the United States.

Randolph (1995) separates permanent effects from transitory effects, using a panel

data set. He finds that permanent income effects are much stronger than the transi-

tory income changes, and temporary price elasticities are much larger than permanent

price elasticities. His results imply that individuals will respond more aggressively

to transitory changes in price. In contrast, Auten, Sieg, and Clotfelter (2002) come

to the opposite conclusion - that both permanent income and price elasticities are

larger than their transitory counterparts. This difference is caused by the use of a

different econometric approach.11 The permanent price elasticity estimated by Auten

et al. (2002) exceeds the absolute value of 1. Overall, empirical studies of the price

elasticity of charitable giving in the U.S. find that charitable giving is responsive to

the after-tax price of giving, but the estimated magnitude of this elasticity differs

with the data and methods used to estimate the charitable price elasticity.

There have been several; studies of the relationship between religiosity and giving.

Iannaccone (1998) provides a useful survey of why religiosity and giving may be

related based on economic theory. Most literature has focused on the relationship

between religious contribution and religiosity (Olson and Caddell, 1994; Iannaccone,

1997; Dahl and Ransom, 1999). These studies find that there is a positive relationship

between giving and religious service attendance by including religious attendance in

a religious giving model such as that proposed by Azzi and Ehrenberg (1975). Their
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finding implies that charitable giving increases with increasing religious attendance.

That is, most studies find that religiosity and giving are complements to each other.

As noted above, to the extent that religious households feel obligated to give, the

fact that religiosity and generosity are related may not necessarily imply that religious

household are more generous - i.e. more likely to give to charity as a matter of choice.

A stronger test of whether generosity and religiosity are related would examine the

relationship between religiosity and secular giving.

Most of the literature on this topic draws on data from Western Judeo-Christian

countries. The work of Chang and Chang (2006) is notable because it explores the

determinants of religious giving in an Eastern-religion country where most individuals

are not affiliated with the three major Western religions (Catholic, Protestant, and

Muslim), using the 1999 Taiwan Social Change Survey (TSCS). They estimate two

Tobit simultaneous equations in which dependent variables are giving and attendance

respectively. They find that religious giving complements religious attendance.

However, Gruber (2004) comes to the opposite conclusion. He estimates the im-

pact of charitable subsidies on religious attendance using Consumer Expenditure Sur-

vey (CEX) and General Social Survey (GSS). He finds that religious giving is less

sensitive to after-tax price change than overall charitable giving such as secular giv-

ing. He also finds that charitable giving and religiosity are substitutes using changes

in the tax subsidy for charitable giving as an instrumental variable. Moreover, he es-

timates the impact of charitable subsidies on 9 responses throughout the distribution

of religious attendance by 9 probit models.12 He finds that the most devout are less

sensitive to subsidies.

There are relatively few studies of the effect of tax incentives on giving disaggregate

by the cause or type of giving (Feldstein, 1975; Reece, 1979; Schiff, 1985; McClelland

and Kokoski, 1994; Gruber, 2004; Bradley et al., 2005; Chang, 2005b; Brooks, 2007).
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The paucity of such research reflects the fact that most data sets do not have enough

information on giving to different charitable causes.

Feldstein (1975) uses 1962 tax filing data from the Internal Revenue Service to

estimate the tax price effect on various categories of contributions. He finds that price

elasticities vary depending on the categories of contributions: religious giving is less

sensitive to price change while education or health related giving is very sensitive.

Surprisingly, he finds small income elasticity (0.65) in religious giving, while the

income elasticity of education and health related giving is greater than 1.

Reece (1979) uses a subset of the 1972-73 BLS Consumer Expenditure Survey

(CEX) to estimate the impact of tax deductibility on various causes of charitable

giving. Using cross-sectional Tobit models, he finds somewhat surprising results:

religious giving is significantly price elastic (-1.598), while the price elasticity of con-

tribution to education-related charities is not significant.

Schiff (1985) use the National Survey of Philanthropy (1974) to estimate the price

and income elasticities for total giving and for giving to social welfare. He finds

that total giving is significantly price elastic (-2.79) while welfare cause giving is not

significant.

McClelland and Kokoski (1994) estimate the Tobit model of total giving, giving

to service organizations, and religious giving using CEX (BLS 1986) data. They find

that giving to service organizations has much higher price elasticity than religious

giving, while giving to service organizations has slightly lower income elasticity than

religious giving.

Bradley et al. (2005) estimate the effect charitable tax incentives on charitable

contributions using supplements of the cross-sectional Consumer Expenditure Survey

(CEX) from June 1983 through May 1984. They define two types of contributions:

the sum of giving to religious, education, and social organization; and giving to
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social welfare organizations. The authors note that have reservations about using

parametric estimation methods such as the Tobit or the Heckman two-stage method,

require strong assumptions about the distribution of disturbances. Hence, they use

the two-stage semi-parametric estimation procedure proposed by Ahn and Powell

(1993). Their estimates of income and price elasticities imply that secular giving has

higher price elasticity than total giving, while total giving has higher income elasticity

than secular giving.

From the above studies, we may conclude that the price elasticity of religious

giving is lower than that of secular giving, with the exception of Reece (1979), while

religious giving has higher income elasticity than secular giving. However, most of

these studies are based on cross-sectional data from Western countries. Considering

that the price elasticity estimated from cross-sectional data is greater than that from

panel data as well as that giving culture is heterogeneous across institutions, further

research is warranted on the broad issue of whether religious giving is affected differ-

ently by financial incentives than nonreligious giving.. We find only one study using

non-Western country data (Chang, 2005b). He investigates the effect of the tax price

on religious, charitable, academic, medical, and political contributions using 2003

Survey of Social Development Trends (SSDT) from Taiwan, where Eastern religions

dominate. He finds that the price elasticity of religious giving (-0.721) is a little larger

than charitable cause giving (-0.534).13 Surprisingly, other secular cause contributions

have either significantly small price elasticities (Academic -0.063, Medical -0.05) or

an insignificantly low price elasticity (Political -0.007).

Brooks (2007) explores whether tax effects are uniform across all types of giving

using the 2001 Panel Study of Income Dynamics data. Using the Full Information

Maximum Likelihood (FIML) Tobit system,14 he estimates the price elasticity of giv-

ing across six nonprofit subsectors (Religion, Multiple activity (combination), Poverty,
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Health, Education, Other). He finds that some types of nonprofits may not benefit

from tax deductibility. In addition, he finds that the price elasticity of religious giving

is higher than that of giving for education and health in absolute terms.15

In sum, we find that the studies on the tax effect on the disaggregated giving by

charitable cause, such as religious or secular (education, health, needy, or combina-

tion) are few using panel data set. Moreover, the estimates vary depending on data

set and estimation methods. Hence, we explore this topic in this study.

Another aim of this study is to test whether the religious are more generous than

the nonreligious in secular giving as well as whether the religious and nonreligious

respond to tax incentives in the quasi-experimental setting. The same question was

explored by Eckel and Grossman (2004) using laboratory experiments. They do not

find any significant evidence that the amount of secular giving differs between religious

and nonreligious participants. They infer that religious givers’ generosity is likely

confined to churches, and does not extend to secular donations, given that religious

givers generally donate larger contributions than nonreligious givers. Behavior in a

world with real budget constraints and real tax incentives, however, may differ from

the virtual behavior observed in the laboratory. Moreover, data show that on one

hand, a considerable fraction of religious individuals do not contribute to charity, while

on the other hand, a substantial fraction of nonreligious individuals make charitable

gifts. Thus, additional research can contribute to a better understanding of what

difference, if any, exists, between giving of religious and nonreligious individuals.

5.3 Data: PSID with COPPS

We use the Center on Philanthropy Panel Study (COPPS), which is a philanthropy

module within PSID. Wilhelm (2007) lists and summarizes the following surveys used

in previous economic research: the biennial survey Giving and Volunteering in the
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United States, used by Andreoni, Gale and Scholz (1996), and Andreoni, Brown and

Rischall (2003); the General Social Survey, Giving and Volunteering in California,

National Survey of Giving, Volunteering and Participating, National Study of Phi-

lanthropy. Since none of these surveys are designed for panel data analysis, a main

advantage of COPPS is the longitudinal data of a nationally representative sample in

the United States.16 It also allows the researcher to use information economic, soci-

ological, and psychological determinants of giving from the Panel Survey on Income

Dynamics (PSID). In addition, COPPS has information about giving to different

charitable causes as well as religious preferences and attendance, which can generally

be correlated with the amount of giving. This information can allow one to identify

religious and nonreligious households.

We combine and use 4 waves (2001, 2003, 2005, and 2007) of PSID and COPPS

containing 7406, 7822, 8002, and 8289 households, respectively, to construct panel

data. To avoid measurement errored and unreliable observations, we drop data from

some households.17 From each cross-sectional data set, we drop households if the

survey respondent is neither the head-of-household nor wife, since other family mem-

bers rarely know how much their household donated last year. In addition, we drop

responses from households who state that they donate more than 50% of their taxable

income. After combining all waves, we keep the households that do not experience

a “couple” status change from one year to the next, since household income heav-

ily depends on the couple status of the head-of-household. Additionally, we drop

households whose change in giving is greater than $ 10,000 from one year to the

next. Furthermore, we drop 2,457 missing and singleton (i.e. a singleton is a group

in which there is only one observation in this panel data context) observations to

construct unbalanced panel of 6,915 households.18

Table 5.1 summarizes the data. The weighted mean of total giving is $1,567 for
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Table 5.1: Descriptive Statistics

Full Sample: Total Giving Total Giving>0
Variable Mean S. D. Weighted Mean Mean S.D. Weighted Mean
Total Giving 952.70 1992.39 1035.33 1571.64 2361.33 1566.88
Total Religious Giving 674.82 1641.36 700.47 1113.23 1989.05 1060.09
Total Secular Giving 277.88 845.72 334.86 458.41 1047.46 506.78
After Tax First Dollar Income 48158.64 52980.63 50911.91 59226.25 53589.94 60260.41
Last Dollar Price 0.89 0.12 0.89 0.86 0.13 0.86
Head Education Year 12.99 2.51 13.28 13.62 2.36 13.83
Age of Head 45.12 15.05 49.46 47.71 14.80 51.88
Married Head (=1)(%) 0.54 0.50 0.52 0.65 0.48 0.62
White Head (=1)(%) 0.62 0.49 0.80 0.70 0.46 0.85
Black Head (=1)(%) 0.33 0.47 0.14 0.26 0.44 0.10
Gender of Head(%) 0.72 0.45 0.73 0.78 0.42 0.76
Number of Kids (age<18) 0.89 1.17 0.61 0.81 1.09 0.58
Religious household (=1)(%) 0.35 0.48 0.34 0.43 0.50 0.41
N 23318 14135
Number of Households 6915

the households with positive giving. While average age of the head-of-household in

full samples is 45.12, the weighted mean is 49.46. The weighted percentage of African

American-led households (black household head) is about 14%. Those numbers are

close to those from Gouskova et al. (2008), in which they compare the numbers from

PSID with those from Current Population Survey (CPS) to confirm that weighted

means from PSID are nationally representative.

The tax price of giving is defined by “1-marginal tax rates” if household itemizes

tax deductions, and as 1 if otherwise.19 The marginal tax rate is estimated using

Feenberg and Coutts’ (1993) TAXSIM from NBER,20 which calculates federal and

state income tax liabilities from survey data. In addition, we use “first dollar tax

price” of giving to avoid the endogeneity problem. First dollar marginal tax rates are

also estimated from NBER’s TAXSIM.21

The variable that represents religiosity is constructed based on attendance infor-

mation, since strong religious commitment is represented by high attendance levels.22

Table 5A3 and 5A4 in the Appendix show the descriptive statistics of religious and

nonreligious households, respectively. Both the total and religious contributions of

religious households are much greater than those of nonreligious households. How-
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ever, we do not find any significant difference in giving to secular charities between

religious and nonreligious households from the full sample.23 Considering only those

with nonzero contributions, (total giving>0), the null hypothesis that both means

are the same is rejected at any conventional level (t=5.0704). We may conclude that

secular giving from nonreligious households is greater than that from religious house-

holds, on average, when we only consider the participants of secular cause giving.

This is due to large amount of contribution from nonreligious households within the

largest income group.24 Thus, we need to investigate giving along the distribution of

income. Moreover, the null hypothesis that the secular giving distributions of religious

households and nonreligious households are identical is marginally rejected.25

Table 5.2 shows distribution of the amount of giving and participation rates along

income distribution by charitable cause of giving for respondents with both zero and

nonzero contributions. As income increases, the amount of giving and participation

rates increase for all types of giving. Giving as a share of total income has an in-

verse U-shape. Considering only those with nonzero contributions, contributions as

a percentage of total income increase as income falls. That is, households with lower

household income have higher giving intensity than those with higher household in-

come.26 45% of all households participate in religious cause giving, and about 70%

of total giving is for religious giving. Those numbers are close to those of Andreoni

(2006, p.1208), in which he finds that 48% of all households give to religion and 59%

of all charitable dollars are contributed to religious charities. Among secular giv-

ing, charities that benefit the poor, and that provide combined services receive the

largest portion.27 Interestingly, for the lowest income group, the participation rates in

educational cause giving are very low. As income increases, the percentage of respon-

dents to give to education-related charities increases by about 10-fold. In addition,

considering both participants and nonparticipants together, the giving intensity of
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education giving at the lowest income quantile is about twice than that of the largest

income quantile. The numbers of other cause of giving are not much different along

income distribution. Along the income distribution, however, the participation rate

differs depending on the charitable causes. As income increases, households increase

the participation in various forms of secular giving. We note that the households

with the lowest income mainly contribute to charities that benefit the poor (i.e., giv-

ing for needy). Moreover, Table 5A5 and Table 5A6 in the Appendix suggest that

nonreligious households with lower income mainly focus on the help for the poor (i.e.,

needy), while religious households with relatively lower income give to various causes

of giving.

Table 5.3 shows mean contributions and p-values by religious and nonreligious

households along income distribution. While there is no difference in average secular

giving between religious and nonreligious givers in Table 5A3, religious households

give significantly more to secular charitable causes than nonreligious households in

the 1st to 4th quantile of income distribution in Table 5.3 using the full sample. Inter-

estingly, the 5th income quantile group of nonreligious households gives significantly

more than religious households. This finding suggests that religious households are

more generous than nonreligious households generally, except in the 5th income quan-

tile group.28 However, only considering the households with positive secular cause

giving, we cannot conclude statistically that religious households donate more than

nonreligious. Only the largest income group reports that nonreligious households do-

nate more than religious. Given that the distribution of charitable giving is very likely

to be skewed in the United States, comparison means alone is misleading. Hence, we

test whether the distributions of giving at each income quantile are identical using the

Epps-Singleton test.29 The hypothesis that both distributions are identical is rejected

at least at marginal level, using the full sample. Considering only those with nonzero
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Table 5.2: Distribution of the Amount of Giving and Giving Participation along
Income Distribution: Full sample

Income Total Religious Secular Secular Givingg

Giving Giving Giving Combination Needy Health Education
Quantile 1 ($ 11426)

Giving ($) 170 124 45.8 15.3 18.3 6.68 5.48
Participation .317 .229 .211 .085 .12 .086 .036

G($)/Inc($)×100 (%) 1.58 (4.95) 1.11 (3.49) .467 (1.47) .159 (.5) .192 (.604) .0612 (.192) .0545 (.171)

Quantile 2 ($ 26788)
Giving ($) 465 339 126 47.5 48 20 10.2

Participation .537 .37 .4 .205 .209 .155 .081
G($)/Inc($)×100 (%) 1.73 (3.25) 1.27 (2.37) .467 (.876) .175 (.329) .176 (.329) .0773 (.145) .0391 (.0732)

Quantile 3 ($ 43211)
Giving ($) 857 642 215 72.4 80.4 36.7 25.8

Participation .689 .483 .542 .282 .296 .231 .13
G($)/Inc($)×100 (%) 1.98 (2.89) 1.48 (2.16) .498 (.727) .167 (.244) .189 (.276) .0838 (.122) .0582 (.0849)

Quantile 4 ($ 66326)
Giving ($) 1207 867 340 121 129 47 43

Participation .779 .545 .639 .353 .363 .258 .172
G($)/Inc($)×100 (%) 1.82 (2.35) 1.31 (1.69) .51 (.658) .18 (.232) .194 (.25) .071 (.0916) .0652 (.0841)

Quantile 5 ($ 147500)
Giving ($) 2183 1337 846 310 277 121 137

Participation .893 .604 .801 .486 .477 .378 .322
G($)/Inc($)×100 (%) 1.66 (1.87) 1.08 (1.22) .581 (.653) .215 (.242) .198 (.222) .0768 (.0864) .0911 (.102)
All ($ 62036)

Giving ($) 1020 687 332 120 116 48.8 47.3
Participation .654 .454 .531 .291 .3 .228 .154

G($)/Inc($)×100 (%) 1.76 (2.69) 1.25 (1.91) .507 (.777) .181 (.277) .19 (.291) .0743 (.114) .0625 (.0958)
a All money values are adjusted into 2000 dollar.
b All numbers are estimated using sampling weights.
c The numbers in parentheses next to Quantile in the first column are the mean incomes of each quantile.
d % Participation represents the percentage of participation in money giving.
e G($)/Inc($)×100 represents the percentage of giving out of total income, which is “giving intensity.” Numbers in parentheses are the
percentage of giving out of total income if total giving >0.
f Income quantiles are estimated using household total income.
g ‘Combination’ represents giving for organizations with multiple purposes (e.g. United Way). ‘Needy’ represent giving for organizations
that help people in need. ‘Health’ indicates giving for health organization. ‘Education’ represents contribution for educational organization.
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contributions, the significant differences disappear except at the fifth quantile. This

suggests that the distribution of secular cause giving of religious households is not

different from that of nonreligious households, conditional on having made the deci-

sion to give a positive amount. These results suggest that differences in generosity

between religious and nonreligious households in the sample are due to difference in

the decision of whether to contribute or not.

Table 5.3: Amount of Secular Giving by Religiosity

Full Sample: Secular Giving Secular Giving>0
Nonreligious Religious t-values Nonreligious Religious t-values Epps-Singleton
Households Households (Pr(T < t)) Households Households (Pr(T < t)) Test

Quantile 1 40.08 65.09 -4.1126(0.0000) 223.07 223.28 -0.058(0.4771) 0.5081
Quantile 2 87.66 130.69 -3.4171(0.0003) 315.873 326.12 -0.298(0.3830) 0.6291
Quantile 3 160.89 208.48 -3.2203(0.0006) 380.81 388.17 -0.266(0.3953) 0.0681
Quantile 4 264.84 294.74 -1.6936(0.0452) 464.40 474.84 -0.384(0.3505) 0.3965
Quantile 5 825.42 673.52 3.6599 (0.9999) 1078.33 870.04 4.039 (1.0000) 0.0012
Total 279.93 274.10 0.5548 (0.7105) 627.17 521.72 5.1573(1.000) 0.05678
a In this calculation, we do not use sampling weights.
b Assuming unequal variance, P-values of one-sided t-test are in the parentheses.
c In the last column, the P-values of Epps-Singleton Test.
d Income quantiles are estimated using after tax first dollar income.
e For t-test, H0: Mean of secular giving from of nonreligious households is equal to that from religious households. Ha:Mean of
secular giving from of nonreligious households is less than that from religious households.

Table 5.4 provides information on the percentage of secular giving out of total

income. Including nonparticipants, religious households donate a greater portion of

their income to secular cause giving than nonreligious households. However, consid-

ering only households with positive secular giving, we fail to reject the null hypothesis

that both groups have the same mean and distribution of secular giving intensity at

any level.30

We find that both Table 5.3 and Table 5.4 suggest that difference of secular giving

by religious and nonreligious households may be attributed to differences in partici-

pation. Table 5.5 confirms the difference of participation rates along income quantile

between two groups. Up to the 4th income quantile, the participation rates of religious

households are significantly greater than that of nonreligious households. The high

participation rates of religious households may be interpreted as the effect of either

123



Table 5.4: Giving Intensity by Religiosity: Secular Giving

Full Sample: Secular Giving Secular Giving>0
Nonreligious Religious t-values Nonreligious Religious t-values Epps-Singleton
Households Households (Pr(T < t)) Households Households (Pr(T < t)) Test

Quantile 1 0.5477 0.8090 -3.369(0.0004) 3.0347 2.7751 0.8925 (0.8111) 0.8770
Quantile 2 0.3630 0.5474 -3.512(0.0002) 1.3081 1.3658 -0.4051 (0.3355) 0.1812
Quantile 3 0.4251 0.5522 -3.279(0.0005) 1.0061 1.0282 -0.3048 (0.3803) 0.0198
Quantile 4 0.4683 0.5223 -1.691(0.0455) 0.8212 0.8414 -0.4093 (0.3412) 0.2969
Quantile 5 0.6691 0.6536 0.480 (0.6845) 0.8742 0.8442 0.7553 (0.7749) 0.2740
Total 0.4942 0.6165 -5.540 (0.0000) 1.1071 1.1735 -1.5830(0.0567) 0.01126
a In this calculation, we do not use sampling weights.
b Assuming unequal variance, P-values of one-sided t-test are in the parentheses.
c The last column presents the P-values of Epps-Singleton Test.
d Income quantiles are estimated using after tax first dollar income.
e For t-test, H0: Mean of secular giving from of nonreligious households is equal to that from religious households. Ha:Mean of
secular giving from of nonreligious households is less than that from religious households.
∗ “Giving intensity” means the ratio of secular giving to total income.

learning-by-doing from the institutionalized giving behavior of religion or intrinsic

generosity.31

Table 5.5: Participation Rates to Secular Giving by Religiosity along Income Distri-
bution

Nonreligious Households Religious Households t-values Pr(T < t)
Quantile 1 0.1822 0.2939 -8.3729 0.0000
Quantile 2 0.2807 0.4045 -8.4281 0.0000
Quantile 3 0.4264 0.5408 -7.4989 0.0000
Quantile 4 0.5743 0.6271 -3.5731 0.0002
Quantile 5 0.7690 0.7785 -0.7384 0.2301
Total 0.4497 0.5295 -11.6855 0.0000
a In this calculation, we do not use sampling weights.
b Assuming unequal variance, P-values of one-sided t-test are in the last column.
c Income quantiles are estimated using after tax first dollar income.
d For t-test, H0: Mean of secular giving from of nonreligious households is equal to that from
religious households. Ha:Mean of secular giving from of nonreligious households is less than that
from religious households.

In conclusion, considering only participants, it is hard to find any evidence that

religious households are more generous in secular cause giving, based on average of

amounts of giving, while nonreligious households within the largest income group

have a larger amount of secular giving as shown in Table 5.3. However, comparing

contributions as a percentage of total income in Table 5.4, both religious and nonre-

ligious households are not significantly different along income distribution, though at
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the mean, religious households give higher percentages of income than nonreligious.32

5.4 Empirical Model and Results

We define total secular giving as equal to the sum of giving to the following charitable

causes: Combination, Needy, Health, and Education.33 We use a pseudo-fixed effect

Tobit model with control functions to estimate the determinants of aggregated secular

giving. This estimation method has the advantage of controlling for unobservable

household heterogeneity. Given that the price and income elasticities may differ

across the object of charitable giving, we apply the same estimation method to each

type of contribution. Furthermore, we investigate how religious or secular motivations

affect giving behaviors differently across giving distributions, using CQIV.

5.4.1 Pseudo-fixed effect Tobit Model with control function

After recognizing the censored attribute of giving data, utilization of the Tobit model

to estimate charitable giving models became popular (Kitchen and Dalton, 1990;

Forbes and Zampelli, 1997; Schokkaert and Van Ootegem, 2000). However, most

literature uses the Tobit model with cross sectional data. The estimates from the

cross sectional data and the specification may suffer from the omitted variable bias.

In order to avoid the bias, panel data sets are used in this study.

We use the Pseudo-fixed effect Tobit model proposed by Mundlak (1978) since

it is practically and theoretically difficult to estimate the fixed effect model for the

censored panel data. To resolve endogeneity problem from the price of giving and the

amount of giving, we adapt control function approach.34
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The specification for this estimation is the following:

ln g∗it = α1 ln pit + x′it1β + X̄ ′it1ξ1 + ρv̂it2 + εit (26)

ln git = max(0, ln g∗it) (27)

εi|(Xi, vit2) ∼iid N [0, σ2
ε ], (28)

where v̂it2 is the residuals from the first stage regression, pit is the price of giving, and

X̄it is the group mean of time varying explanatory variables.35 Since we use the two-

step procedure, the standard errors in the second stage should be either adjusted for

the first stage estimation or estimated by bootstraps. Here, we use panel bootstraps

with 200 replications.

Table 5A7 in the Appendix represents the estimates from the pseudo-fixed ef-

fect Tobit model for the total amount of giving. Full sample results are in Column

(1). Price and income elasticities of giving are significant. The age of the head-

of-household significantly affects the amount and participation decision of household

charitable giving. The head-of-household’s years of education do not affect the house-

hold’s giving decision significantly. Since the control function is significant, we note

that there is an endogeneity problem. Column (2) and (3) include the estimates

from the same model as column (1) using the separated samples-religious and nonre-

ligious group, respectively. The price elasticity of religious households appears to be

greater than that of nonreligious households in absolute terms. However, the income

elasticity of religious households is greater than that of nonreligious households.36

To test whether the estimates are significantly different, we estimate column (4) in

which price of giving variable is interacted with a dummy variable indicating religious

households. Since the interaction term is not significant at any level, we conclude that

there is no difference in price elasticity between religious and nonreligious households.
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However, the interaction term between income and religious household indicators is

significantly positive, which indicates that the income elasticity of total giving from

religious households is greater than that of nonreligious households. However, we can-

not simply conclude that religious households are less sensitive to the change in price

of charitable giving and more sensitive to the changes in income than nonreligious

households in this setting. It is natural that religious households are more likely to

contribute to religious giving and then have larger total amount of giving. In order

to estimate the pure effect of price and income, we have to compare the estimates

from secular giving.

Using only secular giving data, we can estimate the pure effects of tax price and

income on giving, which are represented in Table 5.6. In Column (1), price and in-

come elasticities are significant, and the absolute magnitudes are small. The numbers

are not distinguished from the cases in total giving. For total giving, the religious

households contribute about 1.4 times more than the nonreligious due to the larger

portion of religious giving. Only considering the secular giving, religious households

contributes about 20 % more than the nonreligious evaluated at the conditional mean

when other conditions are unchanged. This finding implies that religious households

are significantly more generous than nonreligious.37 We may conclude that generosity

of the religious extends into the secular realm. That is to say, the religious house-

holds have large both religious and secular giving. However, these results may be

caused by the difference of the both amount of giving and participation rate for the

relatively lower income households, which can be observed in Table 5A5 and 5A6 in

the Appendix. Hence, the difference of the amount of giving does not fully represent

the inherent difference of generosity between religious and nonreligious households.

In addition, from column (4), there is no significant difference between the religious

and the nonreligious households in the price elasticity of secular giving. However,
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the income elasticity of the religious households is significantly greater than that of

the nonreligious. This finding does agree with the case of total giving. We can ex-

plain this finding in two ways: One is that institutionalized religious giving may set

up a giving habit in religious households. Another is that religious households may

recognize secular giving as an obligation as they tithe a certain portion of income.

Brooks (2007) notes that price elasticities may differ across causes of giving.38

We use panel data and estimate the price elasticities over the causes of giving. The

results are represented in Table 5.7. If price elasticities differ across the types of giving,

there is the possibility that some NPOs do not get any benefits from tax incentives on

charitable giving, as Brooks (2007) indicated. We find that price elasticity of giving

to the poor and religion is significantly negative. However, other causes of giving do

not significantly respond to the price change using panel data set. The magnitudes

of the marginal effects are also small. It is hard to compare the conditional marginal

effects to each other since the participation rates differ across the causes of giving.39

For example, only 15% of households participate in education cause giving, while

45% of households participate in religious giving. Religious households surely donate

more money to religious cause giving than nonreligious households. For other causes

of giving, the difference between religious and nonreligious households is small.

5.4.2 Quantile Regression with IVs

Since the previous estimation method focuses on the effect of tax incentive on char-

itable giving evaluated at the conditional mean of charitable giving, the size and

nature of these effects were not fully represented on the lower tail of the charitable

giving distribution. Contribution in the United States could be highly skewed, and

a few outliers could affect the sample means. In fact, COPPS data do not include

enough observations from top-giving decile so that the estimates of mean regression
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Table 5.6: Pseudo-fixed Effect Model: Secular Giving

Dependent Variable (1) Secular Giving (2) Religious Household (3)Nonreligious Household (4) Secular Giving
Coefficient Conditional Coefficient Conditional Coefficient Conditional Coefficient Conditional

ln Secular Giving M.E. M.E. M.E. M.E.

ln Price -0.898*** [ -.343] -1.212** [-.515] -0.746 [ -.268] -0.943** [-.359]
(0.340) (0.562) (0.473) (0.412)

ln Price×Religiosity 0.0808 [ .031]
(0.580)

ln Income 0.663*** [ .253] 0.827*** [ .351] 0.551*** [ .198] 0.548*** [ .209]
(0.0804) (0.115) (0.102) (0.0964)

ln Income×Religiosity 0.292** [ .111]
(0.147)

Age of Head 0.344*** [ .131] 0.245** [ .104] 0.399*** [ .143] 0.346*** [ .132]
(0.0762) (0.115) (0.0955) (0.0650)

Age squared -0.00280*** [ -.001] -0.00193*** [-.001] -0.00331*** [ -.001] -0.00281*** [-.001]
(0.000496) (0.000666) (0.000653) (0.000459)

Education year of Head 0.0199 [ .007] 0.211* [ .090] -0.0847 [ -.030] 0.0183 [ .007]
(0.0687) (0.110) (0.0915) (0.0765)

Gender of Household Head -1.150*** [-.454] -1.372*** [-.604] -0.948*** [-.352] -1.132*** [-.447]
(0.176) (0.300) (0.221) (0.158)

Number of Kids 0.0644 [ .024] 0.0839 [ .036] 0.0483 [ .017] 0.0646 [ .025]
(0.0676) (0.101) (0.0922) (0.0664)

Married (=1) 0.534** [ .203] 0.420 [ .178] 0.570** [ .205] 0.535*** [ .204]
(0.221) (0.374) (0.240) (0.206)

White (=1) 0.634*** [ .239] 0.510*** [ .216] 0.737*** [ .261] 0.640*** [ .242]
(0.103) (0.177) (0.130) (0.109)

Religiosity (=1) 0.496*** [ .191] 3.907*** [1.624]
(0.0935) (1.328)

2001 0.226 [ .087] 0.297 [ .128] 0.167 [ .060] 0.231 [ .089]
(0.323) (0.549) (0.393) (0.300)

2003 0.0516 [ .019] 0.116 [ .050] 0.00768 [ .003] 0.0544 [ .021]
(0.221) (0.365) (0.270) (0.197)

2005 0.104 [ .039] 0.183 [ .078] 0.0544 [ .020] 0.106 [ .040]
(0.127) (0.218) (0.169) (0.117)

Control function 4.613** [ 1.759] 2.634 [1.118] 11.50*** [ 4.133] 4.982** [1.899]
(2.123) (2.562) (4.251) (2.091)

Constant -26.24*** -25.53*** -26.39*** -27.45***
(0.892) (1.528) (1.287) (1.020)

Mundlak (1978) Devices
ln price -5.442*** [-2.075] -3.874*** [-1.644] -6.198*** [-2.228] -5.378*** [-2.050]

(0.617) (0.937) (0.790) (0.584)
ln income 1.270*** [ .484] 1.078*** [ .458] 1.386*** [ .498] 1.492*** [ .569]

(0.109) (0.191) (0.164) (0.139)
income×religiosity -0.617*** [-.235]

(0.174)
age of head -0.392*** [ -.150] -0.268** [-.114] -0.460*** [ -.165] -0.392*** [-.149]

(0.0819) (0.120) (0.102) (0.0678)
age squared 0.00398*** [ .002] 0.00289*** [ .001] 0.00460*** [ .002] 0.00395*** [ .002]

(0.000547) (0.000700) (0.000705) (0.000494)
education year of head 0.382*** [ .146] 0.183 [ .078] 0.494*** [ .178] 0.386*** [ .147]

(0.0729) (0.117) (0.0970) (0.0790)
number of kids -0.220*** [ -.084] -0.118 [-.050] -0.272** [ -.098] -0.219** [-.084]

(0.0841) (0.127) (0.113) (0.0878)
married 0.165 [ .063] 0.0602 [ .026] 0.291 [ .105] 0.167 [ .064]

(0.307) (0.446) (0.313) (0.250)
σu 2.970*** 2.821*** 3.047*** 2.967***

(0.0434) (0.0752) (0.0617) (0.0454)
σe 3.239*** 3.112*** 3.318*** 3.239***

(0.0360) (0.0567) (0.0471) (0.0372)
N 23318 8213 15105 23318
aStandard errors in parentheses
b * p<0.10, ** p<0.05, *** p<0.01
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Table 5.7: Pseudo-fixed Effect Model: Causes of Giving

Dependent Variable (1) (2) (3) (4) (5)
ln Giving ln Religious ln Need ln Combination ln Health ln Education
ln Price -0.923** [ -.330 ] -1.193* [ -.290 ] -0.468 [ -.114 ] -0.376 [-.075 ] -1.128 [-.194 ]

(0.364) (0.628) (0.520) (0.635) (0.722)

ln Income 0.541*** [ .193 ] 0.696*** [ .169 ] 0.796*** [ .194 ] 0.744*** [ .148 ] 0.470*** [ .081 ]
(0.0773) (0.125) (0.133) (0.146) (0.172)

Age of Head 0.385*** [ .138 ] 0.325*** [ .079 ] 0.469*** [ .114 ] 0.456*** [ .090 ] 0.455*** [ .078 ]
(0.0822) (0.119) (0.110) (0.134) (0.162)

Age squared -0.00290*** [ -.001 ] -0.00363*** [ -.001 ] -0.00325*** [ -.001 ] -0.00378*** [-.001 ] -0.00347*** [-.001 ]
(0.000529) (0.000748) (0.000763) (0.000889) (0.00112)

Education year of head 0.0627 [ .022 ] 0.174 [ .042 ] -0.177 [ -.043 ] -0.261* [-.052 ] 0.124 [ .021 ]
(0.0754) (0.127) (0.116) (0.142) (0.162)

Gender of Household Head -0.812*** [ -.296 ] -1.841*** [ -.467 ] -1.003*** [ -.249 ] -2.007*** [-.417 ] -1.244*** [-.219 ]
(0.206) (0.236) (0.243) (0.273) (0.369)

Number of Kids 0.118* [ .042 ] -0.0105 [ -.003 ] 0.109 [ .026 ] -0.191 [-.038 ] 0.401*** [ .069 ]
(0.0691) (0.132) (0.104) (0.135) (0.151)

Married (=1) 0.406* [ .145 ] 0.141 [ .034 ] 0.654* [ .159 ] 0.0988 [ .020 ] 0.841* [ .144 ]
(0.240) (0.308) (0.339) (0.377) (0.491)

White (=1) -0.700*** [ -.253 ] 0.616*** [ .149 ] 0.00896 [ .002 ] 1.544*** [ .302 ] -0.0612 [-.011 ]
(0.135) (0.173) (0.158) (0.181) (0.227)

Religiosity (=1) 5.110*** [ 2.013 ] 0.329** [ .080 ] 0.754*** [ .186 ] 0.115 [ .023 ] 0.641*** [ .111 ]
(0.116) (0.149) (0.133) (0.155) (0.205)

2001 0.579 [ .211 ] -0.764 [ -.182 ] 1.467*** [ .372 ] -0.185 [-.037 ] 0.297 [ .051 ]
(0.356) (0.542) (0.479) (0.531) (0.691)

2003 0.371 [ .134 ] -0.573 [ -.138 ] 0.598* [ .148 ] -0.332 [-.065 ] 0.374 [ .065 ]
(0.236) (0.366) (0.335) (0.368) (0.473)

2005 0.443*** [ .160 ] -0.340 [ -.082 ] 0.388** [ .095 ] 0.138 [ .027 ] 0.468* [ .081 ]
(0.145) (0.219) (0.196) (0.231) (0.277)

control function 7.938*** [ 2.837 ] -3.506 [ -.852 ] 12.50*** [ 3.038 ] 1.193 [ .237 ] 5.450 [ .936 ]
(1.818) (4.551) (3.366) (4.287) (4.597)

Constant -23.63*** -29.35*** -35.73*** -31.06*** -48.05***
(1.186) (1.280) (1.317) (1.456) (2.087)

Mundlak (1978) Devices
ln price -4.092*** [-1.462 ] -5.491*** [-1.335 ] -5.799*** [-1.410 ] -4.603*** [-.914 ] -4.147*** [-.712 ]

(0.757) (0.894) (0.916) (1.059) (1.358)
ln income 0.928*** [ .332 ] 1.228*** [ .299 ] 1.577*** [ .383 ] 1.122*** [ .223 ] 1.922*** [ .330 ]

(0.132) (0.183) (0.189) (0.213) (0.301)
age of head -0.393*** [ -.140 ] -0.406*** [ -.099 ] -0.474*** [ -.115 ] -0.540*** [-.107 ] -0.424** [-.073 ]

(0.0886) (0.120) (0.120) (0.142) (0.170)
age squared 0.00388*** [ .001 ] 0.00519*** [ .001 ] 0.00400*** [ .001 ] 0.00566*** [ .001 ] 0.00401*** [ .001 ]

(0.000585) (0.000777) (0.000839) (0.000937) (0.00115)
education year of head 0.207*** [ .074 ] 0.236* [ .057 ] 0.545*** [ .132 ] 0.614*** [ .122 ] 0.715*** [ .123 ]

(0.0778) (0.129) (0.119) (0.144) (0.158)
number of kids -0.178* [ -.064 ] -0.0949 [ -.023 ] -0.422*** [ -.103 ] -0.0816 [-.016 ] 0.427** [ .073 ]

(0.0998) (0.155) (0.124) (0.150) (0.183)
married 1.814*** [ .648 ] 1.077*** [ .262 ] -0.124 [ -.030 ] 1.375*** [ .273 ] -0.317 [-.054 ]

(0.314) (0.397) (0.393) (0.483) (0.616)
σu 4.079*** 3.670*** 4.047*** 4.107*** 4.868***

(0.0601) (0.0725) (0.0679) (0.0762) (0.0916)
σe 3.306*** 4.924*** 4.458*** 4.449*** 4.688***

(0.0451) (0.0619) (0.0600) (0.0714) (0.0793)
N 23318 23318 23318 23318 23318
aPanel Bootstrap Standard errors with 200 replications in parentheses
b * p<0.10, ** p<0.05, *** p<0.01
c ‘Combination’ represents giving for organizations with multiple purposes (e.g. United Way). ‘Needy’ represents giving for organizations that help people
in need. ‘Health’ indicates giving for health organizations. ‘Education’ represents contribution for educational organizations.
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require large caution to interpret them (Wilhelm, 2007, p.81). Therefore, we need

outlier robust estimation methods. Since Powell (1986) introduced Censored Quantile

Regressions (CQRs), one can estimate quantiles of the conditional distribution.

min
β̂(τ)

n∑
i=1

ρτ (ln gi − T (X
′

iβ(τ))), (29)

where ρτ (u) = {(1 − τ)I(u < 0) + τI(u > 0)}|u|. It allows
√
n-consistent estimates

of β without assuming a particular distribution for the error term and without even

assuming that the error and covariates are independent.

The literature on the mixture of censored panel data and quantile regression is

much rarer.40 Honore (1992) uses an assumption that errors are conditionally in-

dependent and identically distributed. That assumption implies symmetry of the

distribution of observed outcomes. Under the assumption, he consistently estimates

the parameters of the censored model. However, in the heavy censored case, it is not

applicable because Honore’s (1992) estimation is a version of a censored least absolute

deviation (CLAD), i.e. median regression. Instead, we use a cross-sectional model

developed by Chernozhukov, Fernandex-Val, and Kowalski (2009). Quantile regres-

sion itself, however, can account for the unobserved heterogeneity and heterogeneous

effect in a cross-sectional setting.

Chernozhukov et al. (2009) demonstrates a simple way of estimating censored

quantile regression with instrumental variables (CQIV) for cross-sectional data. They

adapt the Iterative Linear Programming Algorithm (ILPA) proposed by Chernozhukov

and Hong (2002) and the control function approach to handle endogeneity. However,

Fitzenberger (1997) points out that ILPA is not guaranteed to converge, and conver-

gence does not even guarantee a local minimum of the CQR problem. Here, we adapt

the resampling strategy introduced by Bilias et al. (2000) for censored quantile re-
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gression and the control function approach under the mean independence assumption

between the tax price variable and the new error term having the control function.41

The advantages of CQIV are summarized by Kowalski (2009): First, the CQIV al-

lows the coefficients to vary with the quantile of interest; second, CQIV allows for

endogeneity and handles censoring nonparametrically.42

The censored quantile regression with instrumental variable model is formalized as

found in Kwak (2010).43 The 90 % confidence intervals on the coefficients are obtained

by bootstrapping with 500 replications. Quantile regression with IVs allows us to

identify the impact of after-tax price and income on charitable giving throughout the

distribution of charitable giving. Hence, this model in itself controls for unobservable

household specific effect. To take advantage of panel data, we construct the fully

balanced panel and compare the estimated results from each wave. By doing so,

we may see if the price and income elasticities of giving change over time and the

distributions of giving. For simplicity, we first use 2001 and 2007 data sets, of which

the results are in Figure 5A1 and 5A2 in the Appendix. The estimation results

look very similar each other, which demonstrates that the characteristics of those

households are not changed over time. From both figures, we conclude that the price

elasticity of secular giving is heterogeneous. In particular, as generosity increases,

the price elasticity decreases. That is to say, generous households are less affected by

price changes. Religiosity does not significantly affect price elasticity over the whole

range of secular giving distribution. In addition, the income elasticity of secular giving

decreases as the generosity of households increases, regardless of religiosity. We can

interpret the years of education as a proxy for permanent income. The effect of years

of education is also heterogeneous over the distribution. Therefore, we find that both

permanent and transitory income have heterogeneous effects on secular giving over

the secular giving distribution.
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Finally, the dummy variable, indicating religiosity, is not significant over the whole

range of secular giving distribution, which means that the religious households do not

significantly donate more to secular causes than nonreligious households. Therefore,

there is no difference of generosity between the two groups if we only consider the

participants of secular giving. This result does not go with that from the pseudo-fixed

effect Tobit estimation. The difference of the two estimation methods poses a ques-

tion of whether or not we can interpret high participation rates as high generosity

because the participation rates of religious households are much higher than those of

the counterparts, particularly in the households with lower income. If the high par-

ticipation rates are simply the results of institutionalized giving behavior of religious

households, it is hard to determine whether religious households are more generous

than nonreligious households.44 In that case, considering only participants is a better

way to determine whether or not the religious households are more generous. How-

ever, higher participation rate in secular giving of religious households presents that

religious generosity extend to secular giving. The institutionalized religious giving

has religious households make a habit of secular giving. This gives very important

implication: If government gives non-donors incentives to keep participating in dona-

tion, then non-donors make a habit of giving. In the end, we can expect that those

donors participate in donation without incentives.

Figure 5A3 in the Appendix represents price and income elasticities of each cause

of giving from the 2007 COPPS data set.45 In all the causes of giving, except the

giving for education and religion, religiosity does not significantly affect the price

elasticity. Income elasticities of all kinds of giving are positive and significant. Giving

for education from religious households is significantly sensitive to both price and

income changes. Giving for religious causes does not significantly respond to the

price change, regardless of the religiosity status of households. However, the income
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elasticity of religious households is uniform, while income elasticity of nonreligious

households is heterogeneous. This finding implies that nonreligious households treat

giving for religion as a form of secular giving. Moreover, religious households consider

giving for religion as dutiful tithing, so income elasticity is significantly uniformly

positive.

5.5 Concluding Remarks

We find that price elasticities of giving (total giving, secular giving, and religious

giving) are significantly negative from the pseudo-fixed effect model. Since the mag-

nitudes of them are less than unity in absolute term, tax incentives increase the

amount of charitable giving inefficiently.46 The effect of tax incentives on secular giv-

ing is not significantly different between religious and nonreligious households. This

finding is also supported by the results from Censored Quantile Regression with IVs

(CQIV). Moreover, price elasticity of secular giving is heterogeneous over the whole

range of giving distribution from CQIV. Households with small secular giving are

more sensitive to price changes than those with relatively larger giving. Since price

elasticity is significant and heterogeneous along the giving distribution, the tax incen-

tives should be set with caution: For example, the heterogeneous tax incentives, e.g.

providing small-donors with tax credit, should be given based on households’ amount

of giving and income.

From CQIV, we additionally find that the giving distribution of religious house-

holds does not differ from the distribution of non-religious households, considering the

households with positive secular giving. That is, religiosity’s effect on secular giving

does not differ along the distribution of contribution, while the results contrast to

those from the pseudo-fixed effect model.47 Income elasticity is also heterogeneous

over the giving distribution. Religious giving from religious households has uniform
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income elasticity, while that from nonreligious households has heterogeneous income

elasticity. This finding implies that religious giving from religious households is more

likely to be classified as a dutiful donation, such as tithing, while nonreligious house-

holds may treat giving for religion as a secular donation.

Finally, this paper also finds that tax incentives have a heterogeneous effect on

giving for each cause, i.e. charitable giving for each cause has different price elasticity.

For example, giving for organizations that help poor people responds significantly to

a price change, while giving for other organizations does not respond to it. However,

CQIV results support that giving for all types of organizations has significant price

effect, except for educational and religious organizations. Moreover, the price elas-

ticities over the giving distribution have different characteristics across the causes of

giving. Giving to health organizations, particularly, has a very heterogeneous price

effect relative to other causes of giving, while giving to organizations that help peo-

ple in need has relatively uniform price elasticity. These heterogeneous tax effects

are consistent with Brooks (2007).48 Given that charitable giving has an important

role to manage NPOs in a sustainable way, this finding gives policymakers important

insights: direct subsidies for some part of NPOs should be a tool to support isolated

NPOs from indirect subsidies. This is, however, not the best option; it may hinder

the autonomy of NPOs. We have to consider a new type of incentive to boost up

giving for isolated NPOs under current tax incentives.

In addition, Lincoln et al. (2008) surveyed the topic of religious giving. They

notice that most studies on religious giving focus on the Western countries such as the

United States, Australia, Canada, the Netherlands, and Western Europe. The only

exception is Chang’s (2006) study on Taiwan. Given that eastern religious philosophy

has different characteristics from western philosophies, more studies about the impact

of non-western religion is required.
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Notes

1Total 2009 contributions were $303.75 billion, with $100.95 billion for religious causes. Moreover,
we note that the proportion of religious giving to total giving is decreasing, that is, 38.2%(2001),
35.2%(2005), and 33% (2010).

2Contrary to almost all other studies, Gruber (2004), using changes in tax subsidy for charitable
giving as an instrumental variable, finds strong evidence that giving and religious attendances are
substitutes each other.

3A tithe as Jewish, Christian, and Islamic traditions means a tenth part of income, paid as a
voluntary contribution–implicitly mandatory in some denominations–to support a religious organi-
zation.

4The participation rates of nonreligious households are 30.5% (religious giving), 50.3% (secular
giving), 57.7% (total giving), while those of religious households are 76.1% (religious giving) 58.9%
(secular giving), 81.1% (total giving)

5Interestingly, we observe that atheists also have religious giving in COPPS. While religious
giving from nonreligious givers should be studied, little work is found.

6This question was once investigated by Eckel and Grossman (2004). They estimate random
effect Tobit model using laboratory experimental data. Given that the results from the controlled
data may not be consistent with those of the real world, it is worthwhile to revisit this question
using real world data.

7There are three well known methods of controlling for selection bias; controlling for observables,
regression discontinuity estimation, and difference-in-difference and fixed effect estimation. We adapt
controlling for observables, such as aims of giving. We assume that only using the observations having
secular giving is sufficient to remove selection bias.

8For nonreligious households, income elasticity may not necessarily be equal to 1.
9Eckel and Grossman (2004) did not use a fixed effect model. Instead, they point out that the

average altruism scores of religious and nonreligious groups are not different in their experiment.
10See Clotfelter (1985), Steinberg (1990), and Schokkaert (2006) for excellent surveys on empirical

literature.
11Auten et al. (2002) directly estimated the variance and covariance matrix of income and prices.
12The 9 responses are following: Don’t attend, Attend less then once per year, Attend once or

twice per year, etc. See Gruber (2004, p.35).
13Of course, it has not been tested to determine if they are the same.
14He estimates this model to take care of the endogeneity problem from the functional relationship

between charitable giving and price, and the censoring in the dependent variable.
15According to Brooks (2007), it is due to the difference in income and taxes distribution over

time that his price elasticities do not agree with findings from previous literatures in 1970s.
16To avoid over-representation of low-income families (the SEO subsample), we use the sampling

weights that PSID supplies.
17Reece (1979) drops households with giving amounting to approximately one-third of its gross

income. Several studies remove individuals with low and/or high incomes. Auten et al. (2002)
restrict their samples follow “standard practices for charitable-giving studies”, such as excluding
low-income and dependent filers, and excluding endogenous itemizers who would not have itemized
in the absence of charitable contribution.

18We have to explicitly exclude the singletons to calculate the correct variance-covariance matrix
for the fixed effect regression. Following the above procedure, we remove 3,574 households from all
samples.

19The PSID directly asks whether the family itemizes deductions. However, a high nonitemization
rate (60.5%) appears at lower income in the PSID due to the fact that the low-income group is over-
sampled (Ackerman and Auten, 2006). To avoid these measurement errors, we also use mortgage
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interest payment information used as a key variable by TAXSIM. Finally, we find that nonitemizers
are 48.1 % of total observations.

20See http://www.nber.org/∼taxsim/.
21Originally marginal tax rates have step functions, while TAXSIM interpolates marginal tax rates

so that we have smoothed version of marginal tax rates. Hence, it may be underestimated.
22We define a religious household as a household whose head attends religious service once a week

on average. As a robustness check, we define a religious household as a household whose head attends
religious service twice a month on average. In fact, the duration of affiliation to religion could be a
measure of religiosity. But that information is not reported in our data.

23Simple t-test statistic (t=0.3103, p-value=0.6218) suggests that both secular cause contributions
are not significantly different.

24See Table 5.3.
25We use the Epps-Singleton Two-Sample Empirical Characteristic Function test and Two-sample

Kolmogorov-Smirnov test. From the both tests, the null hypothesis that the distributions are iden-
tical is rejected at any conventional levels. Only considering the participants (secular giving>0), the
null hypothesis that both distributions are identical is rejected at 10 % (p-values are 0.05600).

26The numbers are the following: 1.47, 0.876, 0.727, 0.658, and 0.653 in the secular cause giving.
27‘Combination’ represents giving for organizations with multiple purposes (for example, United

Way). ‘Needy’ represents giving for organizations that help people in need. ‘Health’ indicates giving
for health organization. ‘Education’ represents contribution for educational organization.

28We cannot directly compare the size of total giving between religious households and nonreligious
households to explore which households are more generous. Given that religious households donate
large religious contribution depending on religious service attendance, naturally religious households
have much larger total contribution.

29The Kolmogorov-Smirnov test can be used, but usually it has a lower power. The Epps-Singleton
test is a nonparametric test proposed by Epps and Singleton (1986). It tests whether the distribution
functions coming from two independent samples are identical.

30At the 3rd quantile of income distribution we reject the null hypothesis that the secular giving
intensity distribution of religious households is the same as that of nonreligious.

31This finding is also observed in Table 5A6 and 5A5 in Appendix. Tables summarize religious
households and nonreligious households’ distribution of the amount of giving and giving participation
rates along the income quantile. The participation rates of nonreligious households are less than
those of religious households until the 3rd income quantile, while they are similar from 4th income
quantile.

32Comparing total amount of secular giving, nonreligious households give significantly more than
religious households. Given that nonreligious households are not likely to give religious giving, this
number could be a upper bound of secular giving. Hence, directly comparing both mean numbers
does not give any meaning. In addition, Epps-Singleton test informs that both households groups
have significantly different distribution.

33As we mentioned before, ‘Combination’ represents giving for organizations with multiple pur-
poses (for example, United Way). ‘Needy’ represents giving for organizations that help people in
need. ‘Health’ indicates giving for health organizations. ‘Education’ represents contribution for
educational organizations.

34A usual random effect Tobit model with panel data has the following specification that includes
unobservable household heterogeneity, ui and observable household characteristics, Xit.

ln g∗it = X ′itβ + ui + eit, ui ∼i.i.d. N [0, σ2
u], ei ∼i.i.d N [0, σ2

e ], i = 1, ..., N (30)

ln git = max(0, ln g∗it) (31)

Estimating the fixed effect model for the censored panel data is practically and theoretically difficult
in the Tobit model setting as in probit model. Since git is observed only after transformations,
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difference and within estimation is impossible. Large N and fixed T require many dummy variables
di so that practically impossible to estimate fixed effect model. Moreover, theoretically the inci-
dental parameter problem can be appeared as the number of parameter increases with N and fixed
T . Hence, in this study we combine the random effect Tobit model with Mundlak (1978) device,
which includes the group mean values within the household on the right hand side of the equation
to model the heterogeneity of the household specific effect. In addition, there is an endogenous
problem because the price of charitable giving, pit and the amount of giving, git are simultaneously
determined.

35The first stage regression is represented by the following:

ln pit = ψ +Xitδ2 + X̄iα2 + vit2, t = 1, .., T (32)

36This price elasticity does not seem to go with the theoretic prediction in Eckel and Grossman
(2004), while the income elasticity is consistent with the theoretic predictions in Eckel and Grossman
(2004).

37We have caution to interpret this because the estimates may represent the difference in partici-
pation rate.

38He uses only cross sectional data.
39The marginal effects are computed by multiplying the adjustment factor with Tobit estimates.
40Literature on the panel quantile regression models has been limited, but growing (for example,

Abrevaya and Dahl (2008); Canay (2008); Honore (1992); Koenker (2004); Rosen (2009)).
41The tax-price of giving and the charitable giving has a functional relationship because the tax

price of giving depends on the marginal tax rate.
42One of disadvantages of quantile regression is attenuation bias caused by censoring, which also

occurs in the parametric mean regression.
43

ln g = max(ln g∗, 0) = T ((ln gi)
∗) (33)

(ln g)∗ = Q(ln g)∗(U |P,X, V ) (34)

P = φ(V,X,Z), (35)

where ln g is the logarithm of observed year-end charitable giving, and T (x) ≡ max(x, 0) is the
transformation function that censors the unobserved uncensored value of (ln gi)

∗ at 0, where 0 is
lower limit for censoring. P is the last dollar marginal tax price of giving, X are covariates described
in the previous section, Z is the instrumental variables, V is a latent unobserved regressor called the
“control function,” and U satisfies the assumption that U ∼ U(0, 1)|P,X, 0, V . The functional form
allows for random coefficients that vary with the quantiles of the charitable giving distribution:

(ln g)∗ = α(τ) +X ′β(τ) + γ(τ)V

The control term, V̂ is estimated by predicting the OLS residuals from the first stage equation.
44If nonreligious households are educated and then they recognize giving is a good deed, then they

are more likely to be accustomed to donation.
45Since the 2001 and 2007 results are similar, we only focus on the 2007 data set when we analyze

each contribution cause.
46Government’s foregone tax revenue is greater than the increase in charitable giving.
47The estimates from the Tobit model are evaluated at conditional mean, while those of CQIV are

evaluated at the each quantile of positive giving. Moreover, the coefficients of Tobit model explain
the decision on participation in giving as well as the amount of giving simultaneously.

48Brooks (2007) finds that this effect is not uniform, so some NPOs cannot be benefited by the
tax incentives.
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Chapter 6: Conclusion

Two distinct poverty concepts have been explored in poverty literature: chronic

poverty and transitory poverty. Only with a static poverty line, we have a difficulty in

distinguishing chronic poverty from transitory poverty since temporarily poor people

due to a transitory shock could be located below the static poverty line. Instead,

Carter and Barrett (2006) propose a dynamic poverty line within S-shaped curves of

asset dynamics, by which they identify the chronic poverty in the asset space. We

find, however, that the S-shape curves often do not fully represent the intrinsic con-

cept of poverty traps with application to Ethiopia Rural Household Survey (ERHS);

after income conditions are improved over time, the S-shaped curve appears. Next,

examining the three major farming areas in our sample with distinct farming meth-

ods, products, and other characteristics, we find that the most impoverished region

among the three regions has low-level stagnant equilibria despite the upward shift of

the asset distribution. Taken together, we interpret this area as being in a regional

stagnation in a sense we define. In one hand, we believe that this area having the stag-

nant equilibrium sticks to more severe poverty trap. On the other hand, our analysis

provided hints that a mechanism for escape from chronic poverty is the emergence of

a second equilibrium when one had not existed previously.

We introduce a basic simple model of multidimensional and interlocking poverty

traps using complementarities of inputs in household resource growth functions. If

only one resource is deficient, other resources could work as substitutes to help house-
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holds accumulate assets. For the extreme poor, however, simultaneous lack of more

than two resources could hinder the accumulation of household assets, which we call

“multidimensional and interlocking” poverty traps. We test an implication of the

multiple-trap framework by comparing structural income dynamics across groups;

based on whether households are trapped and where households are located among

3 regions. We find evidence of interlocking poverty traps in one local area of rural

Ethiopia, particularly in the most impoverished area. Even with the pro poor growth

including the increase in income, the poor stay poor in the most deprived area. We

believe that the existence of the multidimensional and interlocking traps prevents the

households residing in that region from the accumulation of assets.

We diagnose that the existence of multidimensional and interlocking poverty traps

makes the poorest of the poor stay in chronic poverty. Now, we face a question about

how to eradicate the poverty traps in deprived areas. Many studies report that

international aids such as official development assistance (ODA) do not accomplish

much in alleviating poverty due to various market failures and government failures in

most developing countries (Easterly et al., 2003; Easterly, 2007; Moyo, 2009).1 As an

alternative to governments and for-profit sectors (Of course, they are complementary

to NPOS.), we pay attention to the roles of nonprofit organizations (NPOs) due

to their “organizational comparative advantages” in the fields of poverty alleviation

(Smith, 2007, pp.131-143; Todaro and Smith, 2011, pp.541-545).2 Moreover, we find

that each chronic illiteracy or chronic undernutrition has heterogeneous effect on the

long-run asset dynamics of households. Policymakers and practitioners should identify

the local conditions such as locally underlying poverty traps. In this regard, NPOs

can play an important role in those activities since NPOs to a degree know better

about the local conditions and the needs of the poorest of the poor than government.3

However, NPOs need sufficiently sustainable funds to implement poverty allevi-
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ation programs. If they do not have enough funds to manage their programs, they

may alter their programs to meet the given funds. Salamon (1987) points out that

this alteration is one of voluntary failures.4 Therefore, given that financial status of

the voluntary organizations heavily depends on charitable contributions, we have to

explore how to increase charitable giving.

Previous empirical literature finds that tax incentives provided by government

increase charitable giving in most western countries. However, there seems not to

reach a consensus about the size of the effect; depending on the data and estimation

methods, the magnitudes of the estimates are various. Studies on this topic in non-

western countries can help us to understand the underlying tax incentive effect of

charitable giving in western countries. Hence, we focus on charitable giving in Korea.

We reject the null hypothesis of perfect crowding out effect as in the studies on

western countries. Moreover, if donors ever experience giving, they tend to contribute

next time as well. Policymakers note that providing more incentives for non-donors

is valuable so that non-donors venture out of it. Therefore, we propose Korean

government to increase the tax incentives. It may get individuals into the habit

of donation and will foster donation culture in Korea.

We find evidence that contributions motivated by homogeneous tax incentives

are given to NPOs differentially, depending on the aims of beneficiaries. Given that

program and management autonomy of NPOs requires financial sustainability, ho-

mogeneous tax incentives may not be a sufficient tool to secure it. Hence, it is time

to think about other types of incentives for the isolated NPOs from tax incentives.

Moreover, we find that religious givers tend to participate more in secular giving than

nonreligious givers do, while the amount of the contribution does not differ between

the two groups of participants. Hence, we conclude that religious generosity could

extend to the secular realm. That is, institutionalized habits of contributions could

141



increase the participation rates in secular giving, and they will increase the amount of

giving. Finally, we find that donors respond heterogeneously to the price changes of

giving: Small-amount donors respond more sensitively to the price changes of giving

than large-amount donors do. Providing more incentives to the small-amount donor

can increase the total amount of contributions.

In sum, the main reason that the poor stay poor is the existence of poverty

traps, particularly multidimensional and interlocking poverty traps. As an agent who

destroys poverty traps, we pay attention to NPOs. We conclude that tax incentives

can help NPOs have sound finance for poverty programs; tax incentives can increase

voluntary contributions from households. Given comparative advantages of NPOs

in the fields of poverty alleviation, providing NPOs with tax incentives is inevitably

necessary. However, the existence of tax incentives for NPOs is not sufficient to

make NPOs work properly. We have to address voluntary failures; for example,

“donor capture,” “sector blurring,” or inefficient management of NPOs.5 Now, we

face a question: How to make NPOs financially healthy and at the same time how

to avoid voluntary failures. We pay attention to the roles of “rational” small-donors

playing as a watchdog for voluntary failures. Based on our findings–heterogeneous and

significant tax effects on giving and evidence of habitual giving, policymakers should

note that the heterogeneous tax incentives (i.e. tax credits based on the amount of

giving and income) for small-donors could increase the number of contributors and

the amount of contributions.

Moreover, the increase in the number of the small-donors can help accomplish

“treasury efficiency” as well as avoid voluntary failures if heterogeneous tax incentives

are implemented. Since small-donors are more price elastic than large-donors, the

increased foregone revenues are much more likely to be turned into charitable giving.

If many rational small-contributors participate in and closely monitor the activities
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of the NPOs, the likelihood of voluntary failures must be decreased: First, NPOs

supported by many rational small-donors do not have to reflect priorities of big-

donors anymore; second, the feedback from many rational small-donors can help

NPOs to be managed efficiently. That is, the amount of contribution from rational

small-donors can be interpreted as feedback from the markets; third, sufficient funds

from small-donors can avoid fitting the poverty reduction program into the size of

the funds. Therefore, policy should focus on increasing the number of rational small-

contributors.

Notes

1Credit market imperfections are a source of poverty traps. Government failures could occur
due to either principal-agent problem such as corruptions or imperfect information about the local
conditions and the needs of the poor.

2Smith (2007) proposes organizational comparative advantage of NPOs in the field of poverty
reduction: First, government often fails to notice the poor’s special needs so that its programs
are more likely not to reach the poorest of the poor. Instead, NPOs to a degree understand the
local conditions and design poverty program (“innovation in poverty program”); second, nonprofit
organizations may adjust their programs much faster than government does (“flexibility in program
implementation”); third, NPOs can represent and fulfill the needs of the poor since they have a
better understanding the poor (“capacity for representation and advocacy of and with the poor”);
and so on.

3Brinkerhoff et al. (2007) and Smith (2007) points out that the roles of governments and the
private sector should not be ignored in poverty reduction. All three sectors should contribute in a
complementary way; for example, for-profit firms could be a partner of NPOs, and government can
implement large scale programs.

4Salamon (1987) names this alteration “philanthropic insufficiency.” He broadly lists four vol-
untary failures: philanthropic insufficiency, philanthropic particularism, philanthropic paternalism,
and philanthropic amateurism.

5NPOs working with big contributors may set their priority to reflect what the contributors
want, not what NPOs have to do. In addition, NPOs do not have any feedback from the markets
(Brinkerhoff et al., 2007).
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Appendices

Chapter 2.A

2.A1 Descriptive Statistics

Table 2A1: Descriptive Statistics

Mean Standard Deviation
Tropical Livestock Units .6203018 .675447
Land (Hectare) .3552366 .4073929
Education Years of Head 1.365327 2.537335
Age of Head 48.25934 15.61703
Male Head(=1) .8029042 .3978405
Number of working age 2.933062 1.73045
Number of children 2.911103 2.01198
Number of oxen .6514964 1.011109
Productive Asset Value 57.57634 383.2702
Transfer incomed 9.277428 44.10967
Off-farm income(=1) .440765 .4965228
Number of Crop Trees(Coffee, Enset, Eucalypts) 54.59048 222.4116
N 5647
a Descriptive Statistics are for Parametric Regression in section 2.B3
b All money values are adjusted to 1994 price.
c All assets are in terms of per adult equivalent units.
d Transfer income includes remittances, gifts, or other transfers.
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Table 2A2: Inequality Measures from 1994 to 2004

1994 1999 2004
Gini index 0.2799 0.2592 0.2510
Generalized Entropy: I(0) 0.1474 0.1224 0.1029
Theil’s T: I(1) 0.1260 0.1079 0.0987
Coefficient of Variation 0.5059 0.4639 0.4600
a Source: ERHS 1994, 1999, and 2004.
b Based on estimated asset index, authors calculate it.
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2.A2 Figures

Figure 2A1: Asset Dynamics with Stationary Bootstrap Confidence Band
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Figure 2A2: Simultaneous Confidence Band with Mixed Model
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Figure 2A3: Shift of Asset Equilibria with Explanatory Variables
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Figure 2A4: Asset Index Distributions by Regions for Round 1, 5, and 6
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Figure 2A5: Farming System Region with Partial Linear Mixed Model
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Figure 2A6: Shift of Asset Dynamics: the Highlands Area
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Chapter 2.B

2.B1 Asset Dynamics with Bayesian Penalized Spline Smoothing

Penalized splines can be viewed as a Best Linear Unbiased Predictor (BLUP) in a
mixed model framework . The pth degree spline model for the asset index is

Ait = β0 + β1Ait−1 + ...+ βpA
p
it−1 +

K∑
k=1

uk(Ait−1 − κk)p+. (36)

Since the function (Ait−1 − κk)p+ has p− 1 continuous derivatives, higher orders of p
lead to smoother spline functions.1

Penalized Spline provides automatic smoothing parameter choice via restricted
maximum likelihood (REML) estimation of variance components. It also allows for
combination of smoothing with random effects for longitudinal data. An advantage
of the penalized splines over other splines is that it avoids the roughness of the fit
because it constrains the knots’ influence.

As usual, confidence bands for nonparametric regression requires us to see if the
bands are centered properly.2 Here we use Bayesian inference because the bias from
measurement error can be automatically adjusted from the Bayesian framework as
shown in Berry et al. (2002). Also the smoothing parameter is automatically selected,
which is also helpful to resolve the bias from measurement error.3 Hence, we adapt
Bayesian inference for penalized spline regression.

Krivobokova et al. (2009) propose “simultaneous Bayesian credible bands” derived
from MCMC simulation output. In this framework, we use truncated line basis with
degree 2. Consider the regression model

yi = β0 + β1x+
K∑
k=1

uk(x− κ)2+ + εi, (37)

where εi are i.i.d.N(0, σ2
ε) and θ = (β0, β1, u1, ..., uK)T is the vector of regression

coefficients, and κ1 < κ2 < ... < κK are fixed knots. The following priors are
assigned to the error variance σ2

ε and the prior variance σ2
θ : σ

2
ε ∼ IG(0.001, 0.001)

and σ2
θ ∼ IG(0.001, 0.001).4 The construction of Bayesian credible bands is based

on the posterior distribution and the confidence region Iα is defined in terms of the
posterior distribution of f = f(x1), ..., F (XN)T , given the observed data Y , that is,
PF|Y (f ∈ Iα) = 1 − α. Their simultaneous credible band does not depend on a
specific point estimator due to the full utilization of the posterior sample information
while Crainiceanu et al. (2007) fail to use the full posterior distribution information
contained in the sample.5 In addition, they find that the results from the volume of
tube formula for the mixed model formulation of penalized splines are nearly identical
to the fully Bayesian framework, but with considerably less computational costs.6
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Figure 2B1: Simultaneous Confidence Bands for Penalized Splines

Figure 2B1 shows the confidence bands from the different several approaches.
They are quite similar, although the frequentist confidence band (CB) is a little
narrower than the Bayesian credible band. Since the Bayesian inference is known
as most conservative, we will adapt Bayesian inference in the bivariate case. Figure
2B2a shows the Bayesian penalized spline with 95 % credible band, which conforms
to the nonparametric local linear regression results in Figure 2.3a. Thus we treat this
approach as a method to robustness check.

2.B2 Asset Dynamics with a Partial Linear Mixed Model

The studies on the nonparametric estimation of panel data models have been rare.
This is due to the invalidity of first-difference to remove individual specific effects.
Instead of a nonparametric approach, in this case we use a partially linear model with
random effects. This model is considered “semiparametric” because the model has
both parametric components, Tij and X, and a nonparametric component, f(Ait−1).
Here, the Tij represent time dummies taking account of time specific effects and X
represents our explanatory variables.

Ait = β0 + Ui +Xα +
T∑
t=3

βtTit + f(Ait−1) + εit, 1 ≤ i ≤ N, 2 ≤ t ≤ T

Ui ∼iid N(0, σ2
u), εi ∼iid N(0, σ2

ε),
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(a) Bayesian Spline without covariates (b) Random Effect Mixed Model

Figure 2B2: Spline Regression

where Ui is a random household effect and X includes gender of head, age of head,
illiteracy status, and household size.7

Figure 2B2b shows the results of partial linear model with explanatory variables.
We find the existence of a single stable equilibrium, which is the same finding as our
other estimation methods. One of advantages comparing to nonparametric model is
that this method allows us to have point estimates of explanatory variables. Table
2B1 reports the coefficients of the linear part of model. The coefficient of illiteracy
trap status is marginally significantly negative on income. Household size significantly
affects negatively at any conventional level, while age of head affects positively.

Table 2B1: Partial Linear Mixed Model: All Samples

Coefficient S.E.
Intercept 0.9721∗∗ (0.074650)
Round 3(=1) 0.1293∗∗ (0.039550)
Round 4(=1) 0.1196∗∗ (0.040190)
Round 5(=1) 0.1224∗∗ (0.041380)
Illiteracy Trap(=1) -0.0599+ (0.031680)
Household Size -0.0559∗∗ (0.005424)
Male head(=1) -0.0447 (0.039430)
Age of Head 0.0034∗∗ (0.001014)
a Standard errors in parentheses
b Number of Knots is 34.
c Source: ERHS 1994a, 1995, 1997, 1999, 2004
d + p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01
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2.B3 Parametric Estimation Approach for Consumption

We explored asset dynamics using estimated asset index (structural income) in the
previous section. However, many studies in various applications have either examined
consumption or income flow dynamics (Jalan and Ravallion, 2001, 2002; Lokshin and
Ravallion, 2004; Dercon, 2004). Since it is widely argued that consumption is usually
measured with less error than income, we estimate consumption dynamics to examine
whether a single equilibrium exists in rural Ethiopia using the dynamic fixed effect
Generalized Method of Moment(GMM) model.8 Since most panel data have small
T , Jalan and Ravallion (2001, 2002) and Lokshin and Ravallion (2004) use GMM
estimators in allowing for nonlinear income dynamics in a cubic function of the lagged
dependent variable.9

yit = β0 + β1yit−1 + β2y
2
it−1 + β3y

3
it−1 +Xα + ui + eit, (38)

where y represents consumption per adult and X is a set of household characteris-
tics.10

However, a finding nonlinearity of income does not guarantee there is multiple
equilibria. For a given income mapping yit = f(yit−1) of the cubic specification, the
sufficient condition for the existence of poverty trap based on the threshold model is

f ′i(yit−1|yit=yit−1
) > 1, (39)

where y is consumption per adult. If this condition is satisfied, we may observe
multiple equilibria. This property has a root in the macro growth model. Hence,
Equation (39) can be explained by the following specification, which is also used
by Jalan and Ravallion (2002) and Dercon (2004), to see whether an equilibrium is
converging or bifurcating.

ln yit − ln yit−1 = β0 + β1 ln yit−1 +Xα + ui + eit, (40)

where y represents consumption per adult and X is a set of household characteristics
including gender of head, age of head, age squared, household size, hectares of land
owned (de facto), livestock units, head education year, an off-farm income dummy,
and number of main trees. We also include time dummies and location dummies
to control for the time and location specific effects respectively. With β̂1 < 0 the
dynamics are converging. But the dynamics are diverging with β̂1 > 0.

Descriptive statistics of data used in this estimation are reported in Table 3A1
in the Appendix. Tropical Livestock Units (TLU) are small since the survey covers
non-pastoral areas. The average education of the household head is very low, about
1 year. Table 2B2 reports the estimates from system GMM. All explanatory vari-
ables and the dependent variable are adjusted into per adult equivalent units. The
coefficient of lag of consumption per adult is significantly negative, which implies
that the consumption dynamics converge to a single stable equilibrium. We find that
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consumption dynamics are significantly determined by the amount of assets including
land, trees, and livestock units.

Table 2B2: System GMM Estimation

∆ ln Consumption per adult
Lag of ln Consumption per adult -0.766∗∗ (0.280)
Land per adult 0.0960+ (0.0522)
Livestock unit per adult 0.139∗∗ (0.0321)
Education year of Head 0.0138 (0.00952)
Off-farm Income(=1) 0.0230 (0.0260)
Number of Enset 0.0000907∗∗ (0.0000315)
Number of Eucalyptus 0.0000498∗∗ (0.0000173)
Number of Coffee -0.0000174 (0.0000423)
Gender of Head 0.0795∗ (0.0384)
Age of Head 0.000384 (0.00797)
Squared Head Age -0.0000185 (0.0000739)
Household Size -0.0722∗∗ (0.0119)
round 3(=1) -0.325∗∗ (0.0628)
round 4(=1) 0.0508 (0.0921)
round 5(=1) -0.0536 (0.0453)
village 1(=1) -0.151 (0.0962)
village 2(=1) -0.275 (0.192)
village 3(=1) -0.434∗ (0.183)
village 4(=1) -0.150∗ (0.0737)
village 5(=1) 0.0529 (0.0556)
village 6(=1) 0.231∗∗ (0.0596)
village 7(=1) 0.0279 (0.0695)
village 8(=1) -0.245 (0.195)
village 9(=1) -0.0530 (0.0911)
village 10(=1) -0.571∗∗ (0.215)
village 11(=1) -0.369∗ (0.169)
village 12(=1) -0.277∗ (0.117)
village 13(=1) -0.462 (0.299)
village 14(=1) -0.239 (0.176)
Constant 3.813∗ (1.479)
N 4555
AR(1) test P-value=0.019
AR(2) test P-value=0.475
Hansen J stat. χ2

(4)=4.74 P-value=0.315
a Standard errors in parentheses
b Source: ERHS 1994a, 1995, 1997, 1999, 2004
c + p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01

Parametric GMM IV estimation might be of value in our context. However, the
weak instrumental variable problem can appear when the observed data are highly
persistent as in Blundell and Bond (2000). As a result, the lagged values of the
variables are weakly correlated with the difference regressors. Hence, it is important to
confirm whether the lagged instrumental variables are valid when using the differenced
GMM proposed by Arellano and Bond (1991). In addition, Bun and Windmeijer
(2010) show that the system GMM proposed by Blundell and Bond (2000) may not
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be free from a weak instrument problem under conditions that the variance of the
unobservable individual specific effects and idiosyncratic errors are the same in the
covariance stationary panel data AR(1) model. Moreover, due to the bifurcation
characteristics of unstable equilibria, the observations near an unstable equilibrium
may not be picked up by the polynomial, as Barrett (2005) and Naschold (2009) point
out, but instead they enter as positive autocorrelated or heteroscedastic error.

In addition, they have two intrinsic limitations though parametric estimations are
reasonable as far as they go. The estimation results above may obscure the income
dynamics for households located in the lower tails of the income distribution since
all estimation results are just evaluated at the conditional mean. The conditions of
the lower income households below the mean cannot be easily captured. Moreover,
parametric estimations lose the flexibility of the functional shape, while nonpara-
metric estimations do not. Although most previous literature finds nonconvexity of
income and consumption dynamics using polynomial parametric models, some part
of the dynamics may not be nonconvex. Nonparametric estimation helps to avoid
parametric functional shape constraints. Hence, we are using non/semi-parametric
regression and nonparametric quantile estimation method as a vehicle to explore the
asset dynamics as experienced by the households in the lower tails of the income
distribution.

Notes

1Detailed explanations are found in Ruppert(2003) p.108-110.
2Thus, most researchers use bootstrap or Bayesian inference.
3Berry et al. (2002) concluded that, “measurement error has large effects on both bias and

variance, and a smoothing parameter that is optimal for correctly measured covariates may be far
from optimal in the presence of measurement error.”

4The prior distribution of β0, and β1 is centered at zero with a standard error equal to 1000.
The parametrization of the Gamma(a, b) distribution is chosen so that its mean is a/b = 1 and its
variance is a/b2 = 103.

5The advantages of their approach are found in Krivobokova et al. (2009, pp.8-10).
6The volume of tube formula is found in Krivobokova et al. (2009, pp.10-11).
7We also estimate the same specification without explanatory variables. The estimated results

are shown in Figure 2A2 in the Appendix. The Bayesian band (dashed red line) is a little wider
than frequentist (dashed dotted blue line). The difference is ignorable.

8The dynamic fixed effect GMM estimation, proposed by Arellano and Bond (1991) and Arellano
and Bover (1995), has three advantages: first, when time invariant village or household characteristics
may be correlated with the explanatory variables, the unobservable household fixed effects can be
removed; second, when a lagged dependent variable causes autocorrelation, the first-difference lagged
dependent variable can be used as instrumental variables for its past values; and third, usual panel
dataset has small time (T ) dimension and a large individual (N) dimension. In panel data with
large T a shock to a village specific effect will decline with time so that the GMM estimator does
not provide much gain in efficiency.

9Lokshin and Ravallion (2004) point out that Arellano and Bond (1991) and Arellano and Bover
(1995) fail to control for panel attrition, which may well be endogenous to the shocks and household
characteristics. Fortunately, ERHS has a small attrition rate of about 5% each round. Dercon and
Hoddinott (2009) point out that small attrition is likely due to the fact that households cannot
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obtain land when moving to other areas. Moreover, results from Lokshin and Ravallion (2004)
indicate that estimates of nonlinearity in income dynamics for Russia and Hungary are robust to
allowing for endogenous attrition.

10In addition, following the specification of Jalan and Ravallion (2001) and Lokshin and Ravallion
(2004), Antman and McKenzie (2007) point out that one cannot obtain consistent estimates of β1,
β2, and β3 with measurement error in income. Antman and McKenzie (2007, pp. 1061-1063) present
how inconsistent estimates are produced with large measurement errors in income. Plausibly, the
ERHS has relatively small measurement errors because the recall periods of the questions in the
questionnaire is relatively short and there is time for close attention of surveyers.
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Chapter 3.A

3.A1 Descriptive Statistics

Table 3A1: Descriptive Statistics

Mean Standard Deviation
Tropical Livestock Units .6203018 .675447
Land (Hectare) .3552366 .4073929
Education Years of Head 1.365327 2.537335
Age of Head 48.25934 15.61703
Male Head(=1) .8029042 .3978405
Number of working age 2.933062 1.73045
Number of children 2.911103 2.01198
Number of oxen .6514964 1.011109
Productive Asset Value 57.57634 383.2702
Transfer incomed 9.277428 44.10967
Off-farm income(=1) .440765 .4965228
Number of Crop Trees(Coffee, Enset, Eucalypts) 54.59048 222.4116
N 5647
aSource: ERHS 1994a, 1995, 1997, 1999, 2004.
bAll money values are adjusted to 1994 prices.
cAll assets are in terms of per adult equivalent units.
dTransfer income includes remittances, gifts, or “other transfers.”
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Table 3A2: Consumption per Adult and Asset Index across Farming System Regions

Full Sample Grain-plow complex Grain-plow/hoe the Enset Area
Highlands complex

Consumption Asset Index Consumption Asset Index Consumption Asset Index Consumption Asset Index
Round 1 87.921 1.738 116.196 2.339 79.199 1.513 63.062 1.222

(93.775) (.892) (99.109) (.758) (106.501) (.915) (55.131) (.523)
Round 3 81.303 1.970 101.728 2.667 80.277 1.821 57.876 1.290

(100.152) (1.333) (126.993) (1.367) (84.951) (1.076) (69.225) (1.095)
Round 4 110.083 2.240 142.456 2.991 98.669 1.858 83.092 1.665

(115.666) (1.139) (156.322) (1.267) (84.462) (.796) (67.795) (.618)
Round 5 108.864 2.479 140.231 3.389 110.169 2.410 67.717 1.411

(98.625) (1.223) (113.903) (1.260) (94.206) (.688) (60.888) (.561)
Round 6 117.009 2.689 150.971 3.559 106.403 2.545 84.917 1.732

(124.390) (1.292) (161.810) (1.294) (93.967) (1.023) (81.619) (.626)
Total 100.45 2.202 129.756 2.963 94.441 2.014 70.842 1.451

(107.504) (1.229) (134.231) (1.283) (94.144) (.986) (67.800) (.752)
N 6914 5909 2549 2261 2311 1814 2054 1834
a Source: ERHS 1994a, 1995, 1997, 1999, 2004
b Standard deviations are in parenthesis.
c Groups are constructed based on the farming system.
d Consumption per adult is computed using adult equivalent units based on Dercon and Krishnan (1998).
e Villages in northern highlands are included in the grain-plow/hoe complex.
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Table 3A3: Inequality Measures from 1994 to 2004

1994 1999 2004
Gini index 0.2799 0.2592 0.2510
Generalized Entropy: I(0) 0.1474 0.1224 0.1029
Theil’s T: I(1) 0.1260 0.1079 0.0987
Coefficient of Variation 0.5059 0.4639 0.4600
a Source: ERHS 1994, 1999, and 2004.
b Based on estimated asset index, authors calculate it.
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Table 3A4: Asset Index with the Status of Undernutrition Traps

Undernutrition trap t-values∗ Epps-Singleton Test∗∗

Area Non-Trapped Trapped (Pr(T>t)) (Pr(T<t))
Full sample 2.322 (82.1 %) 1.672 (17.9 %) 18.3505 (0.0000) (0.00000)

Highlands Area 3.009 (89.9 %) 2.644 (10.1 %) 4.5457 (0.0000) (0.00001)

Hoe Area 2.072 (84.0 %) 1.724 (16.0 %) 6.0001 (0.0000) (0.00000)

Enset Area 1.544 (70.8 %) 1.229 (29.2 %) 9.2550 (0.0000) (0.00000)

Observations 4817 1048
aThe proportion of trapped households in each region is in parenthesis.

∗The null hypothesis is that the mean of non-trapped income is equal to that of the trapped. P-values in
parenthesis are for the one-sided test.

∗∗The Kolmogorov-Smirnov test can be used, but usually it has a lower power. The Epps-Singleton test is a
nonparametric test proposed by Epps and Singleton (1986). It tests whether the distribution functions coming
from two independent samples are identical.

Table 3A5: Asset Index with the Status of Illiteracy Traps

Illiteracy trap t-values∗ Epps-Singleton Test∗∗

Area Non-Trapped Trapped (Pr(T>t)) (Pr(T<t))
Full sample 2.252 (49.5 %) 2.040 (50.5 %) 6.1343 (0.0000) (0.00000)

Highlands Area 2.903 (54.4 %) 2.951 (45.6 %) -0.8139 (0.7921) (0.00130)

Hoe Area 2.120 (43.9 %) 1.977 (56.1 %) 2.6405 (0.0042) (0.02236)

Enset Area 1.631 (49.5 %) 1.268 (50.5 %) 9.4841 (0.0000) (0.00000)

Observations 2255 2303
aThe proportion of trapped households in each region is in parentheses.

∗The null hypothesis is that the mean of non-trapped income is equal to that of the trapped. P-values in
parenthesis are for the one-sided test.

∗∗The Kolmogorov-Smirnov test can be used, but usually it has a lower power. The Epps-Singleton test is a
nonparametric test proposed by Epps and Singleton (1986). It tests whether the distribution functions coming
from two independent samples are identical.
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Table 3A6: Asset Index with the Status of Poverty Traps: Robustness Check

Non Single Trapped Single trap∗ Double trap∗ Population (n)
Full sample 2.392 (52.6%) 1.991 (47.4%) 1.588 (9.4%) 2.202 (5,909)

Highlands Area 3.002 (62.5%) 2.897 (37.5%) 2.717 (4.5%) 2.963 (2,261)

Hoe Area 2.093 (49.3%) 1.938 (50.7%) 1.747 (8.9%) 2.014 (1,814)

Enset Area 1.652 (43.8%) 1.294 (56.2%) 1.103 (15.8%) 1.451 (1,834)

Observations 3,111 2,798 553 5,909
aThe proportion of trapped households in each region is in parentheses.

bWe include all observations for which we lack information of either illiteracy or
undernutrition status as a robustness check.
∗Alkire and Foster (2011) examine three identification methods for a poverty status.
The ‘intersection’ method identifies the poor in a too constricted way (e.g. as
dimension increases, the identified number of the poor decreases), while ‘union’
method identifies the poor in an exaggerated way (e.g. Non-poor in too few outcomes
could be considered as poor). They propose ‘dual cutoff’ method of identification
to identify a poor person. Here, single trap is defined by the union method while
double trap is defined by the intersection method. As we only have two dimensions
in this study, the intersection identification method is not harmful and it successfully
identify as poor a group which is most deprived.
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3.A2 Land Weight

Land weights are computed based on the revenue per hectare per work time at each
plot using 1999 data set. Only 1999 data allows us to identify the outputs, revenues,
and inputs including labor use per plot. There exist information on 6,267 plots, but
after removing missing variables of work hours and revenues we have 5,320 observa-
tions of revenue per hectare per work time at each plot. Data also allow us to identify
harvesting season, Meher(observations=4,850) and Belg(observations=470). We use
all observations to compute the weights. The specific summary statistics are in Table
3A7.

Table 3A7: Summary of Lands Cultivated: Round 5

Land Slope
quality Statistics Medda(Flat) Dagathama Geddel(Steep)
Lem Frequency of plot 2630 510 41
(Best) Total hectare of land (H) 789.61 100.71 6.07

Total revenue (R) 19,757,71 12,691,589 935,825.51
Total work hours (WH) 399,452.01 190,014.2 34,964.93
Revenue per hectare per work hour 1,054,472 541,223.26 34,005.84

Lem-Teuf Frequency 1,096 451 25
Total hectare of land (H) 393.40 130.61 5.91
Total revenue (R) 4,108,76 3,246,785.6 54714.76
Total work hours (WH) 257,909.53 54,678.60 651.15
Revenue per hectare per work hour 220,083.48 146,361.03 1,379.33

Teuf Frequency 427 131 9
(Worst) Total hectare of land (H) 133.091 38.937 2.75

Total revenue (R) 1,266,906.2 367,696.25 40629.70
Total work hours (WH) 321,315.44 6,095.67 180.89
Revenue per hectare per work hour 157,060.02 13,664.37 674.29

a All numbers are authors’ computation using ERHS 1999.
b Total Revenues are computed by R =

∑
i outputi × pricei.

c Total work hours are computed by WH =
∑

(Clearing, Land prep, Trampling, Drainage,Fertilizer/Pesticide
application, Weeding, Shilshalo, Pruning, Transporting, Threshing/Shelling, Guarding).
d Revenue per hectare per work hour=(R/H)/WH

Most lands are Lem or lem-teuf quality and flat. Only a small portion of land
has steep slope and poor fertility. Land weight are computed by setting revenue per
hectare per work hour of the best flat plot as 1. For example, the weight of Lem-teuf
and Medda plot is 220, 083.48/1, 054, 47 = 0.209.

Table 3A8: Plot Weight

Medda (Flat) Dagath-Ama Geddel(Steep Incline)
Lem (Best) 1 0.513 0.032
Lem-Teuf 0.209 0.139 0.001
Teuf (Poor) 0.149 0.013 0.001
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Table 3A9 shows the mean values of asset indices, weighted land, and non-weighted
land across farming system regions. The asset index is not much different while
weighted lands are much smaller than non-weighted except for the enset growing area,
in which weighted land are a little larger. Considering that land is less important
than livestock in the enset growing area, the unchanged asset index can be explained.
If land is an important asset in the enset area, we can expect the asset index to
increase. However, the asset index does not change.
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Table 3A9: Asset Index using Weighted Land

Farming System Regions Asset Index Asset Index Weighted land Land per Adult
with Weighted land with Non-Weighted land per Adult

Highlands Area 2.967 [2.963] .3685 .4875
(1.237) [(1.284)] (.8482) (.4809)
2212 [2261] 2212 2261

Plow/Hoe Area 2.01 [2.014] .2406 .4066
(.9928) [(.9863)] (.3563) (.3694)
1809 [1814] 1809 1814

Enset Growing Area 1.441 [1.451] .2094 .1634
(.6629) [(.7523)] (.9127) (.2797)
1816 [1834] 1816 1834

Total 2.195 [2.202] .2794 .3621
S.D. (1.198) [(1.23)] (.7589) (.4165)
N 5837 [5909] 5837 5909
a Asset index is estimated by the same method in equation (11).
b Average asset indices using non-weighted lands are in square brackets.
c Standard deviations are in parentheses.
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3.A3 Figures

Figure 3A1: Asset Index Distributions by Regions for Round 1, 5, and 6
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Figure 3A2: Illiteracy, Non-illiteracy, and Non-Trap: Full Sample

(a) Illiteracy and Non-illiteracya

(b) Adding No-Trapb

aERHS 1994a, 1995,1997, 1999, and 2004 are used. Bayesian Penalized spline with 95% credible
bands estimated using 20,000 sampling and 2,000 burn-in.

bThe same data and estimation method as in figure 3A2(a).
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Figure 3A3: Undernutrition and Non-undernutrition: Full Sample

(a) Undernutrition and Non-undernutritiona

(b) Adding No-Trapb

aERHS 1994a, 1995,1997, 1999, and 2004 are used. Bayesian Penalized spline with 95% credible
bands estimated using 20,000 sampling and 2,000 burn-in.

bThe same data and estimation method as in figure 3A3(a).
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Figure 3A4: Illiteracy Trap: the Enset Area

(a) Non-illiteracy and Illiteracya (b) Adding No-Trapb

aERHS 1994a, 1995,1997, 1999, and 2004 are used. Bayesian Penalized splines with 95% credible
bands estimated using 20,000 sampling and 2,000 burn-in.

bThe same data and estimation method as in figure 3A4(a).
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Figure 3A5: Undernutrition Trap: the Enset Area

(a) Non-undernutrition and Undernutritiona (b) Adding No-Trapb

aERHS 1994a, 1995,1997, 1999, and 2004 are used. Bayesian Penalized spline with 95% credible
bands estimated using 20,000 sampling and 2,000 burn-in.

bThe same data and estimation method as in figure 3A5(a).
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Figure 3A6: Nonparametric Quantile Regression: Illiteracy trapa

(a) 20% Quantileb (b) 40% Quantilec

(c) 60% Quantiled (d) 80% Quantilee

aQuantile smoothing spline is utilized with ERHS round 1 (1994a) and round 6 (2004) for all
combined regions.

bOptimal λs are selected by minimizing SIC:: 0.1544 and 0.0725 for non-illiteracy and illiteracy
trap households, respectively.

cOptimal λs are selected by minimizing SIC:: 4.4353 and 0.2777 for non-illiteracy and illiteracy
trap households, respectively.

dOptimal λs are selected by minimizing SIC:: 2.4941 and 1.6724 for non-illiteracy and illiteracy
trap households, respectively.

eOptimal λs are selected by minimizing SIC:: 2.2660 and 0.2777 for non-illiteracy and illiteracy
trap households, respectively.
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Figure 3A7: Nonparametric Quantile Regression: Undernutrition trapa

(a) 20% Quantileb (b) 40% Quantilec

(c) 60% Quantiled (d) 80% Quantilee

aQuantile smoothing spline is utilized with ERHS round 1 (1994a) and round 6 (2004) for all
combined regions.

bOptimal λs are selected by minimizing SIC: 0.1943 and 0.8481 for non-undernutrition and
undernutrition trap households, respectively.

cOptimal λs are selected by minimizing SIC: 0.3802 and 0.8481 for non-undernutrition and
undernutrition trap households, respectively.

dOptimal λs are selected by minimizing SIC: 0.6059 and 0.3576 for non-undernutrition and
undernutrition trap households, respectively.

eOptimal λs are selected by minimizing SIC: 2.8513 and 0.1131 for non-undernutrition and
undernutrition trap households, respectively.
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Figure 3A8: Quantile Regression (ERHS 1994a, 1995, 1997, 1999, 2004)
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Figure 3A9: Robustness Check: Asset Dynamics in the Enset Area

(a) Fixed Type Bandwidtha (b) Adaptive Type Bandwidthb

aUsing ERHS 1, 3, 4, 5,and 6, the dynamics in the enset area are estimated by local linear
regressions with the Epanechnikov kernel. Fixed type optimal bandwidths are selected by cross-
validation. The fit is over-smoothed since the optimal bandwidths are too large (1.5142, 1721918,
and 2.6153 for the no-trapped, the single trapped, and the double trapped households, respectively).
The large bandwidths are due to the sparse points at the tails of asset index distribution.

bUsing ERHS 1, 3, 4, 5,and 6, the dynamics in the enset area are estimated by local linear
regressions with the Epanechnikov kernel. The kth nearest neighbors are 19 and 60 for the no-
trapped and the single trapped groups, respectively. A fixed bandwidth for the double trap group
is 2.6153. From an adaptive type bandwidth selection for the double trapped group, we also have
the over-smoothed fit since the number of observations (n=290) is too small and the optimal kth
nearest neighbor is too large (163).
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Figure 3A10: Double Trap Groups’s Asset Dynamics: the Enset Area (Bandwidth
Types)a

aUsing ERHS 1, 3, 4, 5,and 6, the double trap groups’ dynamics in the enset area are estimated
to find how bandwidth types affect the shape of dynamics. The kth nearest neighbors are 41 and 13
for a generalized and an adaptive nearest neighbor bandwidth type respectively. A fixed bandwidth
is 0.2462. A generalized nearest neighbor type generates the most smoothing fit. The equilibrium
does not depend on the bandwidth type.
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Chapter 4.A

4.A1 Descriptive Statistics

Table 4A1: Descriptive Statistics

Full Sample Sub Sample: Charity>0
Mean SD Mean SD

Charitable Giving 35.05 131.2 144.41 234.82
2003 33.46 (N=3,201) 114.87 129.03 (N=830) 196.43
2004 31.77 (N=3,412) 103.76 139.31 (N=778) 179.62
2005 34.16 (N=3,612) 122.06 147.22 (N=838) 218.21
2006 40.82 (N=3,388) 173.02 161.16 (N=858) 314.48
Last-dollar price 0.93 0.09 144.41 0.09
Total Household income 3624.6 3485.22 0.91 3732.31
Head education year 12 3.7 4358.18 3.78
Head Age 46.23 11.57 12.66 11.05
Head Sex(Male=1) 0.88 0.33 47.83 0.32
Marital Status(marry=1) 0.8 0.4 0.89 0.34
Number of Family Member 3.32 1.24 0.87 1.16
Financial asset(log) 4.58 3.47 3.51 3.43
House owned(=1) 0.59 0.49 5.07 0.48
N 13,613 3,304

Source: The Korean Labor and Income Panel Study, Korea.
aAll values are adjusted to 2005 values using Korean Consumer Price Index.
bSD stands for standard deviation.
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4.A2 Transition Matrix of Giving Behaviors

Table 4A2: Transition of Giving Behaviors 2003 to 2004

Giving 2004
Giving 2003 0 1 Total

0 1,957 261 2,218
(88.23) (11.77) (100.00)

1 322 451 773
(41.66) (58.34) (100.00)

Total 2,279 712 2,991
(76.20) (23.80) (100.00)

Source: KLIPS 2004-2007
aThe ratio (%) in parentheses from year to year.
b1 represents that households contribute. Otherwise, 0.

Table 4A3: Transition of Giving Behaviors 2004 to 2005

Giving 2005
Giving 2004 0 1 Total

0 2,169 274 2,443
(88.78) (11.22) (100.00)

1 244 474 718
(33.98) (66.02) (100.00)

Total 2,413 748 3,161
(76.34) (23.66) (100.00)

Source: KLIPS 2004-2007
aThe ratio (%) in parentheses from year to year.
b1 represents that households contribute. Otherwise, 0.

Table 4A4: Transition of Giving Behaviors 2005 to 2006

Giving 2006
Giving 2005 0 1 Total

0 2,200 297 2,497
(88.11) (11.89) (100.00)

1 237 528 765
(30.98) (69.02) (100.00)

Total 2,437 825 3,262
(74.71) (25.29) (100.00)

Source: KLIPS 2004-2007
aThe ratio (%) in parentheses from year to year.
b1 represents that households contribute. Otherwise, 0.
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4.A3 Tax Schedule Change

Recently Korean government has decreased the income tax rate by 1% over gross
income hierarchies since January 1, 2005. Based on the tax schedule, the tax-price of
giving can be computed. In addition, the ceiling for the earned income tax credits is
raised to 55% of assessed tax liabilities from the previous 45% in 2004–but 50 % was
applied only in 2003. Due to the wage and salary income tax credit, the marginal tax
rate of low income earners is reduced. We include tax credit computing the marginal
tax rates.

Table 4A6 represents the amount of charitable Giving in Korea over income distri-
bution. As income increases, the amount of charitable giving increases over all years.
In 2004, there was a recession in Korea. That recession may affect households located
within the lowest income quantile, considering participants only between 2003 and
2004. From the full sample, we find the reduction of charitable giving in other income
quantiles. This suggests that a recession could hinder households from participating
in charitable giving.

Tax rate change generates tax price of giving since tax price of giving is defined
as “1-marginal tax rate” in this paper. We expect that decreases in the income tax
rate by 1% over all yhr gross income hierarchies increase tax price of giving over all
income hierarchies; 1.087%, 1.205%, 1.351%, and 1.538% for each income hierarchy,
respectively. Table 4A7 provides change of charitable giving just before and after
policy change. Price changes, based on tax reform, could affect the amount of chari-
table giving decision in Korea heterogeneously depending on which income quantiles
households are located in: Households within the lowest income group reduce charita-
ble giving by about 10%, while households with high income (4th and 5th quantiles)
slightly reduce or increase the charitable giving. (Due to the small number of par-
ticipants, the t-test fails to reject the null hypothesis that the amount of charitable
giving before and after policy change is the same.)

Table 4A5: Income Tax Schedule in Korea

Taxable annual income Taxable annual income Tax Rate
(in won) (in dollar) (2002-2004) (2005-2007)

less than 10m less than $9,891 9 % 8 %

10m-40m $9,891-$39,565 18 % 17 %

40m-80m $39,565-$79130 27 % 26 %

more than 80m more than $79,130 36 % 35 %
aThe dollar figures are computed by the 2005 exchange rate of $1=1011 won.
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Table 4A6: Charitable Giving in Korea over Income Distribution

Full Sample
Year Quantile 1 Quantile 2 Quantile 3 Quantile 4 Quantile 5

[1020.68] [2087.09] [2948.48] [4119.14] [7948.25]
2003 12.810 15.741 28.184 44.437 72.880
2004 10.580 19.583 23.207 43.748 67.856
2005 9.1725 18.109 24.184 35.848 80.517
2006 10.516 14.743 25.366 45.925 93.507
Total 10.755 17.124 25.251 42.425 79.698

Sub Sample: Giving>0
2003 68.057 74.274 107.531 146.858 209.716
2004 63.822 109.240 117.793 152.764 204.875
2005 57.876 103.838 112.285 151.668 219.539
2006 61.080 82.589 110.500 168.316 247.218
Total 62.959 92.339 111.622 155.274 222.729
Source: The Korean Labor and Income Panel Study, Korea.
aAll values are adjusted to 2005 values using Korean Consumer Price Index.
bAverage income of each quantile is in square brackets.

Table 4A7: Change of Giving Before and After Policy Change (Giving>0)

(1) (2) (3) (4)
Income Pre-Policy Change Post-Policy Change Percentage t-statistics

Quantile 2004 2005 Change H0:(1)=(2)
1 63.822 57.876 -10.274(%) 0.6155
2 109.24 103.838 -5.202(%) 0.3476
3 117.793 112.285 -4.905(%) 0.4005
4 152.764 151.668 -0.723(%) 0.0596
5 204.875 219.539 6.679(%) -0.5504

Population 139.312 147.222 5.373(%) -0.7922
N 778 838

Source: The Korean Labor and Income Panel Study, Korea.
aAll values are adjusted to 2005 values using Korean Consumer Price Index.
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4.A4 Marginal Tax Rate

Table 4A8: Wage and Salary Tax Credit 2003

tax amount 2003 tax base
tax≤ 500,000 tax × 0.5 5,555,600

500,000<tax≤1,166,666 250,000+(tax-500,000) × 0.3 11,481,478

Table 4A9: Wage and Salary Tax Credit 2004

tax amount 2004 tax base
tax≤500,000 tax×0.55 5,555,600

500,000<tax≤ 1,250,000 275,000+(tax-500,000)×0.3 11,944,444

Table 4A10: Wage and Salary Tax Credit 2005-2008

tax amount 2005-2008 tax base
tax≤500,000 tax×0.55 6,250,000

500,000<tax≤1,250,000 275,000+(tax-500,000)×0.3 12,647,059
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Table 4A11: Marginal Tax Rate and Giving Price 2003

2003 tax base (G) marginal tax rate Giving Price
G≤10 million .09× .50 =.045 1-(.09×.5) =.955

10 million<G≤11.481 million .18×0.30 = 0.054 1-(.18×.3) = .946

11.481 million<G≤40 million .18 1-.18 =.82

40 million <G≤80 million .27 1-.27 = .73

80 million<G .36 1-.36 = .64

Table 4A12: Marginal Tax Rate and Giving Price 2004

2004 tax base (G) marginal tax rate Giving Price
G≤10 million .09× 0.55 = 0.0495 1-(.09× .55) = .951

10 million < G≤11.944 million .18×0.3 = 0.054 1-(.18 ×.30) = .946

11.944 million< G ≤ 40 million .18 1-.18 =.82

40 million<G≤80 million .27 1-.27 = .73

80 million<G .36 1-.36 = .64

Table 4A13: Marginal Tax Rate and Giving Price 2005-2008

2005-2008 Tax Base (G) Marginal Tax Rate Giving Price
G≤10 million .08×0.5= 0.04 1-(.08×0.55) =0.956

10 million<G≤12.647 million .17×0.3 = 0.051 1-(.17×0.3) =0.949

12.647 million<G≤40 million .17 1-.17 = .83

40 million<G≤80 million .26 1-.26 = .74

80 million<G .35 1-.35 = .65
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Table 4A14: Marginal Tax Rate in Korea

Year
Marginal Tax Rate Round 7 Round 8 Round 9 Round 10 Total
0 1,358 1,284 1,368 1,213 5,223
.044 0 0 883 792 1,675
.045 773 0 0 0 773
.0495 0 892 0 0 892
.051 0 0 242 205 447
.054 120 185 0 0 305
.17 0 0 930 938 1,868
.18 825 906 0 0 1,731
.26 0 0 156 196 352
.27 104 122 0 0 226
.35 0 0 33 44 77
.36 21 23 0 0 44
Total 3,201 3,412 3,612 3,388 13,613
Sources: KLIPS each year and Income Tax Schedule in Korea
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4.A5 Regression Results Tables

Table 4A15: Weak Instrument Robust Tests and Confidence Sets for Linear IV with
Cluster VCE

H0: β[ln tax price]= 0.

Test Statistic Value P-value 95 % Confidence Set
CLR stat(.)= 9.14 0.0025 [-1.70192, -.28692]

AR χ2
(12) = 23.09 0.0270 [-1.84192, -.14692]

LM χ2
(1) = 7.55 0.0060 [-1.70192, -.28692]

J χ2
(11) = 15.54 0.1590

LM-J H0 rejected at 5 % level [-1.73692, -.25192]

Wald χ2
(1) = 6.58 0.0103 [-1.65877,-.221803]

aWald test is not robust to weak instruments. The confidence set from
Wald test with weak instrument is likely to be much larger than that from
other robust statistics in the linear IV model with intracluster-dependent
errors based on Monte Carlo simulation by Finlay and Magnusson (2009).
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Table 4A16: Estimation with IVs using Sub-sample (Charity > 0)

Dependent Variable (1) (2) (3) (4) (5)
RE FE w/IID FE w/H FE w/HAC FE w/weak IV

ln Giving G2SLS 2SLS GMM GMM CUE
ln Giving Price -0.862** -1.252*** -1.139** -1.161** -1.183**

(0.436) (0.439) (0.481) (0.469) (0.469)

ln Income 0.224*** 0.167*** 0.173*** 0.170*** 0.168***
(0.0393) (0.0437) (0.0514) (0.0514) (0.0513)

Schooling Year 0.0621*** -0.0266 -0.0228 -0.0218 -0.0206
(0.00847) (0.0579) (0.0609) (0.0526) (0.0532)

Head Age 0.0197 0.0567 0.0519 0.0469 0.0470
(0.0174) (0.0632) (0.0548) (0.0583) (0.0582)

Age squared -0.000108 -0.000240 -0.000183 -0.000134 -0.000133
(0.000176) (0.000609) (0.000601) (0.000641) (0.000639)

Gender of Head -0.255** 0.00922 -0.0340 -0.0438 -0.0542
(male=1) (0.107) (0.432) (0.336) (0.337) (0.340)

Marital Status 0.171* -0.0593 -0.0834 -0.0870 -0.0773
(Married=1) (0.104) (0.279) (0.185) (0.202) (0.203)

Family Size 0.0426* 0.0169 0.0190 0.0249 0.0240
(0.0234) (0.0451) (0.0490) (0.0548) (0.0546)

ln Financial Asset 0.00575 0.0116* 0.0122* 0.0126* 0.0127*
(0.00515) (0.00632) (0.00679) (0.00705) (0.00706)

House owned (=1) 0.0205 0.162** 0.150** 0.141** 0.137**
(0.0441) (0.0651) (0.0677) (0.0692) (0.0689)

2004 0.0519 0.0190 0.0233 0.0276 0.0267
(0.0353) (0.0487) (0.0391) (0.0386) (0.0384)

2005 0.0905** 0.0381 0.0298 0.0268 0.0255
(0.0353) (0.0722) (0.0420) (0.0426) (0.0421)

2006 0.0646* 0.00203 -0.00192 -0.00110 -0.00167
(0.0360) (0.0995) (0.0471) (0.0480) (0.0471)

constant 0.590
(0.507)

N 3304 2618 2618 2618 2618
log likelihood -1948.0 -1945.5 -1946.2 -1946.8
aStandard errors in parentheses
b∗ p <.10, ** p<.05, *** p<.01
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Table 4A17: Robustness Check: Pseudo-Fixed Effect Tobit Model with Bootstrap

Dependent Variable Coefficient S.E. Unconditional S.E. Conditional S.E.
ln Giving Marginal Effect Marginal Effect
ln Giving Price -3.349** (1.411) -0.832 (0.319) -0.807 (0.338)

ln Income 0.512*** (0.130) 0.127 (0.031) 0.123 (0.031)

Schooling year 0.180 (0.198) 0.045 (0.044) 0.043 (0.048)

Head Age 0.154 (0.205) 0.038 (0.046) 0.037 (0.049)

Age squared -0.002 (0.002) -0.0005 (0.0005) -0.0004 (0.0005)

Gender of Head (male=1) -2.829** (1.132) -0.884 (0.427) -0.765 (0.344)

Marital status (married=1) 1.200* (0.714) 0.275 (0.123) 0.278 (0.160)

Family Size 0.119 (0.157) 0.029 (0.037) 0.029 (0.038)

ln Financial Asset 0.068*** (0.022) 0.017 (0.005) 0.016 (0.005)

House owned (=1) 0.354 (0.234) 0.087 (0.052) 0.085 (0.056)

2004 -0.460*** (0.157) -0.111 (0.035) -0.110 (0.037)

2005 -0.329 (0.228) -0.08 (0.048) -0.079 (0.054)

2006 -0.048 (0.311) -0.012 (0.066) -0.012 (0.075)

Control function 5.365*** (1.763) 1.332 (0.406) 1.292 (0.423)

Constant -20.755*** (2.156)
Group Means
Mean price -3.389 (3.078) -0.842 (0.739) -0.816 (0.741)
Mean income 0.290 (0.244) 0.072 (0.059) 0.070 (0.059)
Mean Schooling year 0.106 (0.200) 0.026 (0.045) 0.026 (0.048)
Mean Age 0.045 (0.213) 0.011 (0.049) 0.011 (0.051)
Mean Age squared 0.001 (0.002) 0.0002 (0.0005) 0.0002 (0.0005)
Mean Gender 0.213 (1.179) 0.053 (0.294) 0.051 (0.284)
Mean Marital status 0.832 (0.783) 0.207 (0.174) 0.200 (0.188)
Mean family size -0.006 (0.182) -0.001 (0.046) -0.001 (0.044)
Mean financial Asset -0.018 (0.044) -0.005 (0.011) -0.004 (0.010)
Mean house owned -0.618* (0.356) -0.154 (0.081) -0.149 (0.086)
σu 4.738*** (0.061)
σe 3.203*** (0.013)
N 13613
log likelihood -13286.614
aBootstrap standard errors are in parentheses
b* p<.10, ** p<.05, *** p<.01
cStandard errors of partial effects are computed by Delta-method.
dStata command “xttobit” is used. Table 4.6 is estimated by GLLAMM.
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Table 4A18: Random Effect and Pseudo-Fixed Effect Probit

Dependent Variable (1) (2)
ln Giving Random Effect Probit Pseudo-Fixed Effect Probit
ln Giving Price -1.099** (0.447) -0.955** (0.487)

ln Income 0.176*** (0.0452) 0.160*** (0.0493)

Head Education 0.0915*** (0.0114) 0.0687 (0.0711)

Head Age 0.0651*** (0.0207) 0.0653 (0.0818)

Age squared -0.000311 (0.000208) -0.000774 (0.000756)

Gender of Head -0.821*** (0.109) -0.960** (0.436)

Marital Status 0.557*** (0.107) 0.358 (0.227)

Family Size 0.0424 (0.0287) 0.0508 (0.0613)

ln Financial Asset 0.0227*** (0.00643) 0.0234*** (0.00724)

House owned (=1) 0.0224 (0.0576) 0.112 (0.0820)

2004 -0.228*** (0.0483) -0.185*** (0.0526)

2005 -0.225*** (0.0495) -0.141 (0.0831)

2006 -0.164*** (0.0493) -0.0367 (0.112)

Control term 1.617*** (0.580) 1.490** (0.604)
Group Means
Mean price -1.189 (1.017)
Mean income 0.0687 (0.0843)
Mean Schooling year 0.0211 (0.0714)
Mean Age 0.000209 (0.0851)
Mean Age squared 0.000484 (0.000770)
Mean Gender 0.120 (0.452)
Mean Marital status 0.299 (0.260)
Mean family size -0.0202 (0.0722)
Mean financial Asset -0.00329 (0.0162)
Mean house owned -0.189 (0.121)
Constant -6.045*** (0.559) -6.517*** (0.710)
lnσ2

u 0.837 0.064 0.839 (0.058)
N 13613 13613
log likelihood -5989.8739 -5984.3207
aStandard errors in parentheses are computed by bootstrap with 200 replications.
b* p<.10, ** p<.05, *** p<.01
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4.A6 Figures

Figure 4A1: Difference of Marginal Distribution: 2003 and 2004 (Giving>0)
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Figure 4A2: Cumulative Distribution of Giving: 2003 and 2004
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Figure 4A3: Censored Quantile Regression for Giving
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Chapter 4.B

4.B1 Review of 2SLS and GMM Estimation Methods for Panel Data

We can define various GMM estimators depending on how to define the weighting
matrix. For detailed explanation and references see Hayashi (2000) and Wooldridge
(2002).

4.B1.1 Fixed Effect IV Estimation

Suppose that the following equation is estimated.

yit = x′itβ + eit, (41)

where eit = ci + vit, i = 1, 2, ..., n, and t = 1, 2, ..., T . ci represents individual specific
unobservable effects, vit is idiosyncratic errors, following IID(0, σ2

v). If E(xitci) 6= 0,
and then we have to adapt the fixed effect estimation method such as difference,
demeaning, or dummies, since Least Square (LS) method including the random effect
estimation is inconsistent. But if E(xitvit) 6= 0, t = 1, 2, ..., T is a potential problem,
we have to consider another estimation method.

Assume that we find an instrument zit that satisfies the contemporaneous exo-
geneity assumption, E(zitvit) = 0, t = 1, 2, ..., T . A stronger assumption is that weak
exogeneity, E(zitvit) = 0, s ≤ t, t = 1, ..., T .1

In our estimation setting, we find that the random effect estimates may not be
consistent. Hence, we adapt the differenced estimation method as a fixed effect esti-
mation method, which remove the ci’s, in order to get consistent estimates.

ỹit = x̃′itβ + ṽit, (42)

where ỹit = yit − yit−1, x̃it = x1it − x1it−1, and ṽit = eit − eit−1.
A consistent estimates is yielded under the condition E(zisṽit) = 0 with s ≤

(t− 1), that is, we can use zit−1, zit−2, ... as instruments. Suppose we have a matrix
of instruments, Zi, satisfying the condition E(zisṽit) = 0 with s ≤ (t − 1), with
Zi = [z′i1 · · · z′iT−1]; ṽi = [ṽi2 · · · ṽiT ]′.

β̃2SLS = arg min[
n∑
i=1

Z ′iṽi]
′(Z ′Z)−1[

n∑
i=1

Z ′iṽi] = arg min ṽ′iZ(Z ′Z)−1Z ′ṽi (43)

We have

β̃2SLS = (X̃ ′Z(Z ′Z)−1Z ′X̃)−1X̃ ′Z(Z ′Z)−1Z ′ỹ = (X̃ ′PzX̃)−1X̃ ′Pzỹ, (44)

where Z = [Z1Z2...ZN ]′, X̃ = [X̃1X̃2...X̃N ]′, and X̃i = [x̃i2x̃i3...x̃iT ]′. In fact, β̃2SLS is
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inefficient GMM estimator.

4.B1.2 GMM Estimation

We know that the instrumental variables Z are exogeneous and E(Ziṽi) = 0. Hence,
the L instruments generate a set of L moments.

mi(β) = Z ′iṽi = Z ′i(ỹi − X̃iβ), (45)

where mi is L× 1. This L moment conditions will be satisfied at the true value of β:
E(mi(β)) = 0. Given that we have N observations and T − 1 equations with cross
equation restrictions, i.e., the same β, each of L moment equations corresponds to a
sample moment. For some give estimator β̂, we can write these L sample moments
as

m̄N(β̂) =
1

N

N∑
i=1

Z ′i(ỹi − X̃iβ̂) =
1

N
Z ′ṽ. (46)

The moment restrictions upon which we use a difference GMM estimation are
E(Z ′iṽi) = 0, i = 1, 2, ..., N . The GMM estimators for β based on E(Z ′iṽi) = 0 is

β̃ = arg min
β̃
m̄N(β̃)′Wm̄N(β̃). (47)

Hence, we have arbitrary GMM estimator,

β̃ = (X̃ ′ZWZ ′X̃)−1X̃ ′ZWZ ′ỹ. (48)

This GMM estimator is consistent for any symmetric positive definite weighting ma-
trix W . If W = (Z ′Z)−1, then β̃ is the 2SLS estimates, but it may not be efficient.

In order to get the efficient GMM estimator, we need minimum asymptotic vari-
ance. We know that we have the following T − 1 equations.

ỹi2 = x̃′i2β + ṽi2 (49)

ỹi3 = x̃′i3β + ṽi3 (50)
... (51)

ỹiT = x̃′iTβ + ṽiT (52)

Thus, given ṽi = [ṽi2, ...ṽiT ]′, the instrument matrix is the following.

Zi =


Z ′i1 0 · · · 0

0 Z ′i2
...

...
. . . 0

0 · · · 0 Z ′iT−1

 (53)
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The minimization problem is that

β̂2SGMM = arg min
β̂
m̄N(β̂)′V̂ −1m̄N(β̂). (54)

Solving this problem gives

β̂GMM = (X̃ ′ZV̂ −1Z ′X̃)−1X̃ ′ZV̂ −1Z ′ỹ, (55)

where Z = [Z1Z2...ZN ]′, and X̃ = [X̃1X̃2...X̃N ]′. The asymptotic covariance matrix
of the moment condition V̂ is estimated by the following.

V̂ =
1

N

N∑
i=1

Z ′i ˜̃vi ˜̃v
′
iZi, (56)

where ˜̃vi = ỹi−X̃iβ̃
p−→ ỹi−X̃iβ = ṽi, where β̃ = (X̃ ′Z(Z ′Z)−1Z ′X̃)−1X̃ ′Z(Z ′Z)−1Z ′ỹ,

which is estimated by the panel data 2SLS estimation.

4.B2 CUE GMM Estimation

Hansen (1996) devised the GMM continuously updated estimator (CUE). The mini-
mization problem is that

β̂CUE = arg min
β̂
m̄N(β̂)′V̂ (β̂)−1m̄N(β̂), (57)

where the weighting matrix is a function of the β being estimated. That is, the
estimation of V is done simultaneously with the estimation of β and the minimization
problem is solved by numerical methods.

Notes

1For a static model, we can impose the strong exogeneity assumption, E(zisvit = 0), s, t =
1, 2, ..., T , that is to say, past, present, and future values of the instrumental variables should be
mean independent of v.

206



Chapter 5.A

5.A1 Federal Tax Brackets and Marginal Tax Rates

Table 5A1: Federal Tax Brackets

Taxable Income 1993-2000 Taxable Income 2001 Taxable Income 2002 Taxable Income 2003-2010
I<12000 10 I<14000 10

I<43850 15 I<45200 15 12000≤ I<46700 15 14000≤ I<56800 15
43850 ≤ I<105950 28 45200≤ I<109250 27.5 46700≤ I<112850 27 56800≤ I<114650 25
105950≤ I<161450 31 109250≤ I<166500 30.5 112850≤ I<171950 30 114650≤ I<174750 28
161450≤ I<288350 36 166500≤ I<297350 35.5 171950≤ I<307050 35 174750≤ I<311950 33

288350≤ I 39.6 297350≤ I 39.1 307050≤ I 38.6 311950≤ I 35
a The intervals of taxable incomes are for the married filing jointly. Depending on filing status–head of household, single, married
filing separately, and married filing jointly, the intervals are changed.
b The unit of tax bracket is %.

Table 5A2: Marginal Tax Rate Each Year

Year
Marginal Tax Rate 1 2 3 4 Total

0 50.49 51.19 52.18 50.90 51.27
.1 . 0.04 1.17 0.83 0.60

.15 2.21 3.61 3.26 3.13 3.10

.25 . . 27.72 28.46 16.68

.27 . 23.34 . . 5.14

.28 24.23 . 3.87 3.15 6.59
.3 . 11.70 . . 2.58

.31 15.31 . . . 2.84

.33 . . 8.80 10.57 5.74

.35 . 7.74 3.00 2.97 3.48

.36 3.10 . . . 0.58
.386 . 2.37 . . 0.52
.396 4.67 . . . 0.87

Total 100 100 100 100 100
a The numbers are within-year relative frequencies. The numbers are computed by treating non-
itemizers as non-tax payers to compute tax price of giving. Excluding non-itemizers, the numbers
of zero marginal tax rate decrease, i.e. 21.38(2000), 24.31(2002), 26.65(2004), 25.69(2006).
b Weights are used to compute the numbers.
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5.A2 Descriptive Statistics

Table 5A3: Descriptive Statistics: the Nonreligious

Full Sample of the Nonreligious Total Giving>0
Variable Mean S. D. Mean S.D.
Total Giving 522.50 1389.73 986.80 1785.93
Total Religious Giving 242.57 805.74 458.11 1061.80
Total Secular Giving 279.93 931.33 528.68 1227.47
After Tax Real Income 49440.66 59676.77 64597.42 62039.57
Last Dollar Price 0.89 0.13 0.85 0.13
Head Education Year 12.92 2.46 13.66 2.30
Age of Head 43.35 14.42 46.02 14.10
Married Head(=1) 0.52 0.50 0.65 0.48
White Head(=1) 0.64 0.48 0.74 0.44
Black Head(=1) 0.31 0.46 0.22 0.42
Gender of Head 0.74 0.44 0.81 0.39
Number of Kids (age<18) 0.87 1.17 0.79 1.08
N 15105 7998
a In this calculation, we do not use sampling weights. Weighted means using sampling weights are placed in the last
column.

Table 5A4: Descriptive Statistics: the Religious

Full Sample of the Religious Total Giving>0
Variable Mean S. D. Mean S.D.
Total Giving 1743.91 2598.55 2333.83 2767.68
Total Religious Giving 1469.81 2340.86 1967.01 2520.99
Total Secular Giving 274.10 659.92 366.83 740.82
After Tax Real Income 45800.80 37566.25 52226.31 38889.44
Last Dollar Price 0.89 0.12 0.87 0.12
Head Education Year 13.13 2.61 13.56 2.43
Age of Head 48.39 15.64 49.92 15.38
Married Head(=1) 0.58 0.49 0.64 0.48
White Head(=1) 0.57 0.50 0.65 0.48
Black Head(=1) 0.38 0.49 0.30 0.46
Gender of Head 0.69 0.46 0.74 0.44
Number of Kids (age<18) 0.92 1.17 0.85 1.11
N 8213 6137
a In this calculation, we do not use sampling weights. Weighted means using sampling weights are
placed in the last column.
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Table 5A5: Distribution of the Amount of Giving and Giving Participation along
Income Quantile: Non-Religious

Income Total Religious Secular Combination Needy Health Education
Quantile 1 ($ 11310 )

Giving ($) 75.7 36.3 39.5 11.7 16.8 5.56 5.39
Participation .226 .117 .176 .06 .102 .068 .026

G($)/Inc($)×100(%) .825 .375 .45 .141 .198 .0577 .0524
[3.62] [1.65] [1.97] [ .62] [.871] [.253] [ .23]

Quantile 2 ($ 26715)
Giving ($) 233 119 114 45.4 42.7 18.2 8.12

Participation .439 .218 .358 .173 .185 .135 .063
G($)/Inc($)×100(%) .877 .449 .428 .169 .156 .0712 .032

[2.00] [1.03] [ .97] [.387] [.347] [.163] [.0734]

Quantile 3 ($ 43265)
Giving ($) 374 177 197 61.3 73.2 37.1 25.8

Participation .602 .309 .51 .252 .283 .21 .121
G($)/Inc($)×100(%) .861 .408 .453 .14 .171 .0839 .0572

[1.45] [.683] [.763] [.234] [.294] [ .14] [.0955]

Quantile 4 ($ 66273)
Giving ($) 604 279 325 108 128 53 36.1

Participation .707 .374 .621 .327 .355 .245 .169
G($)/Inc($)×100(%) .913 .426 .487 .161 .192 .0799 .0537

[ 1.3] [.606] [.691] [.228] [.273] [.113] [.0761]

Quantile 5 ($ 155686)
Giving ($) 1434 524 909 317 313 144 135

Participation .865 .47 .802 .475 .488 .38 .314
G($)/Inc($)×100(%) .98 .386 .594 .207 .213 .0878 .0863

[1.14] [.449] [ .69] [.241] [.247] [.102] [ .100]
All ($ 64283)

Giving ($) 578 238 340 117 122 55.2 45.6
Participation .579 .304 .505 .266 .29 .214 .145

G($)/Inc($)×100(%) .895 .408 .487 .166 .187 .0766 .0574
[1.55] [.707] [.842] [.287] [.324] [.133] [.0994]

a All money values are adjusted into 2000 dollar.
b All numbers are estimated using sampling weights.
c The numbers in parentheses next to Quantile in the first column are the mean incomes of each quantile.
d % Participation represents the percentage of participation in money giving.
e G($)/Inc($)×100 represents the percentage of giving out of total income. Numbers in square brackets are the
percentage of giving out of total income if total giving >0.
f Income quantiles are estimated using household total income.
g ‘Combination’ represents giving for organizations with multiple purposes (e.g. United Way). ‘Needy’ represents
giving for organizations that help people in need. ‘Health’ indicates giving for health organizations. ‘Education’
represents contribution for educational organizations.

209



Table 5A6: Distribution of the Amount of Giving and Giving Participation along
Income Quantile: Religious

Income Total Religious Secular Combination Needy Health Education
Quantile 1 ($ 11774 )

Giving ($) 394 332 61.9 24.8 22.5 9.04 5.49
Participation .525 .483 .302 .148 .167 .134 .059

G($)/Inc($)×100(%) 3.25 2.73 .516 .213 .186 .0688 .0478
[6.21] [5.22] [.986] [.408] [.356] [ .132] [.0915]

Quantile 2 ($ 26956)
Giving ($) 925 778 147 52 57.8 23.6 13.8

Participation .744 .686 .484 .266 .255 .198 .117
G($)/Inc($)×100(%) 3.42 2.88 .541 .188 .212 .0904 .0502

[4.62] [3.89] [.731] [.254] [.286] [ .122] [.0678]

Quantile 3 ($ 43065)
Giving ($) 1712 1461 252 95.5 94.6 34.4 27.2

Participation .848 .792 .607 .338 .323 .27 .15
G($)/Inc($)×100(%) 3.96 3.37 .592 .224 .224 .0811 .0629

[4.69] [3.99] [ .7] [.265] [.265] [ .096] [.0744]

Quantile 4 ($ 66422)
Giving ($) 2318 1951 367 137 137 37.5 56.1

Participation .911 .858 .676 .402 .382 .276 .176
G($)/Inc($)×100(%) 3.5 2.95 .556 .206 .205 .0572 .0875

[3.87] [3.26] [.615] [.228] [.227] [.0633] [.0969]

Quantile 5 ($ 130138)
Giving ($) 3905 3191 714 302 199 63.2 149

Participation .958 .919 .803 .522 .449 .372 .34
G($)/Inc($)×100(%) 3.22 2.66 .554 .234 .164 .05 .105

[3.36] [2.79] [.579] [.245] [.172] [.0523] [ .11]
All ($ 57846)

Giving ($) 1926 1606 321 127 106 34.8 52.6
Participation .81 .761 .588 .344 .323 .256 .174

G($)/Inc($)×100(%) 3.48 2.93 .554 .213 .199 .0693 .072
[4.32] [3.63] [ .686] [.264] [.246] [.0853] [.0892]

a All money values are adjusted into 2000 dollar.
b All numbers are estimated using sampling weights.
c The numbers in parentheses next to Quantile in the first column are the mean incomes of each quantile.
d % Participation represents the percentage of participation in money giving.
e G($)/Inc($)×100 represents the percentage of giving out of total income. Numbers in square brackets are the
percentage of giving out of total income if total giving >0.
f Income quantiles are estimated using household total income.
g ‘Combination’ represents giving for organizations with multiple purposes (e.g. United Way). ‘Needy’ represents
giving for organizations that help people in need. ‘Health’ indicates giving for health organizations. ‘Education’
represents contribution for educational organizations.
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5.A3 Regression Results

Table 5A7: Pseudo-fixed Effect Model: Total Giving

Dependent Variable (1) (2): Religious household (3): Nonreligious household (4)
Coefficient Conditional Coefficient Conditional Coefficient Conditional Coefficient Conditional

ln Total Giving M.E. M.E. M.E. M.E.

ln Price -0.808*** [-0.432 ] -0.755* [-0.560 ] -0.897** [-0.394 ] -1.084*** [-0.579 ]
(0.267) (0.442) (0.407) (0.358)

ln Price×Religiosity 0.689 [0.368 ]
(0.491)

ln Income 0.561*** [0.300 ] 0.683*** [0.507 ] 0.466*** [0.205 ] 0.456*** [0.244 ]
(0.0576) (0.0882) (0.0902) (0.0839)

ln Income×Religiosity 0.246** [0.131 ]
(0.122)

Age of Head 0.369*** [0.197 ] 0.326*** [0.242 ] 0.409*** [0.180 ] 0.370*** [0.198 ]
(0.0580) (0.0790) (0.0801) (0.0563)

Age squared -0.00301*** [-0.002 ] -0.00263*** [-0.002 ] -0.00328*** [-0.001 ] -0.00301*** [-0.002 ]
(0.000392) (0.000536) (0.000529) (0.000374)

Education year of Household Head 0.0149 [0.008 ] 0.141 [0.104 ] -0.0677 [-0.030 ] 0.0137 [0.007 ]
(0.0590) (0.0934) (0.0802) (0.0545)

Gender of Household Head -0.825*** [-0.452] -0.554** [-0.415] -0.906*** [-0.410] -0.815*** [-0.446]
(0.131) (0.226) (0.185) (0.139)

Number of kids 0.0443 [0.024 ] -0.0214 [-0.016 ] 0.0886 [0.039 ] 0.0440 [0.023 ]
(0.0562) (0.0726) (0.0751) (0.0511)

Married (=1) 0.417*** [0.223 ] -0.0728 [-0.054 ] 0.662*** [0.290 ] 0.421** [0.225 ]
(0.155) (0.277) (0.235) (0.168)

White (=1) 0.210*** [0.112 ] 0.649*** [0.479 ] -0.0616 [-0.027 ] 0.212** [0.113 ]
(0.0788) (0.142) (0.127) (0.0891)

Religiosity (=1) 2.461*** [1.382 ] 3.536*** [2.029 ]
(0.0733) (1.074)

2001 0.301 [0.163 ] 0.324 [0.243 ] 0.344 [0.153 ] 0.304 [0.164 ]
(0.265) (0.377) (0.348) (0.245)

2003 0.186 [0.100 ] 0.350 [0.262 ] 0.112 [0.049 ] 0.187 [0.100 ]
(0.180) (0.253) (0.239) (0.167)

2005 0.215** [0.116 ] 0.449*** [0.337 ] 0.0704 [0.031 ] 0.215** [0.116 ]
(0.105) (0.145) (0.144) (0.0968)

Control Function 7.672*** [4.100 ] 6.523*** [4.838 ] 12.81*** [5.633 ] 7.925*** [4.234 ]
(1.337) (1.131) (3.588) (1.292)

Constant -20.98*** -18.26*** -21.75*** -21.34***
(0.722) (1.170) (1.183) (0.860)

Mundlak
ln price -5.311*** [-2.838 ] -3.580*** [-2.655 ] -6.294*** [-2.769 ] -5.265*** [-2.813 ]

(0.486) (0.733) (0.768) (0.506)
ln income 1.041*** [0.556 ] 0.888*** [0.659 ] 1.187*** [0.522 ] 1.173*** [0.627 ]

(0.0935) (0.151) (0.138) (0.124)
income×religiosity -0.341** [-0.182 ]

(0.155)
age of head -0.394*** [-0.211 ] -0.306*** [-0.227 ] -0.461*** [-0.203 ] -0.394*** [-0.211 ]

(0.0622) (0.0857) (0.0847) (0.0598)
age squared 0.00398*** [0.002 ] 0.00311*** [0.002 ] 0.00457*** [0.002 ] 0.00397*** [0.002 ]

(0.000424) (0.000572) (0.000603) (0.000415)
education year of head 0.302*** [0.161 ] 0.116 [0.086 ] 0.434*** [0.191 ] 0.304*** [0.162 ]

(0.0601) (0.0977) (0.0838) (0.0581)
number of kids -0.232*** [-0.124 ] -0.187** [-0.139 ] -0.265*** [-0.117 ] -0.231*** [-0.123 ]

(0.0695) (0.0921) (0.0944) (0.0662)
married 0.838*** [0.448 ] 0.873** [0.647 ] 0.794*** [0.349 ] 0.836*** [0.446 ]

(0.205) (0.344) (0.306) (0.229)
σu 2.707*** 2.321*** 2.971*** 2.706***

(0.0382) (0.0626) (0.0562) (0.0441)
σe 2.847*** 2.472*** 3.127*** 2.847***

(0.0320) (0.0459) (0.0454) (0.0351)
N 23318 8213 15105 23318
aStandard errors from panel bootstrap with 200 replications in parentheses.
bConditional marginal effects are in square brackets.
c * p<0.10, ** p<0.05, *** p<0.01
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5.A4 Figures

Figure 5A1: Censored Quantile Regression for Secular Giving 2001
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Figure 5A2: Censored Quantile Regression for Secular Giving 2007
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Figure 5A3: Price and Income Elasticities of Each Aim of Giving

Needy (Year 2007) 
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