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Abstract

Essays in Development Economics

by

Diana Kim Lee

Doctor of Philosophy in Agricultural and Resource Economics

University of California, Berkeley

Associate Professor Ethan Ligon, Chair

Poverty and health are two topics in the field of development economics that are of critical
importance to both researchers and policy-makers. Despite advances in poverty alleviation
and gains in health outcomes in many developing countries, many challenges remain. Two
of these challenges include accurately measuring poverty and improving the quality of health
care delivery systems. In this dissertation, I present three essays with theoretical, empirical,
and policy-relevant insights into these two challenges.

The first essay addresses the issue of accurate poverty measurement by developing a new
asset index that captures long run household economic well-being. The accurate measure-
ment of household well-being is necessary for measuring poverty levels and targeting poverty
programs. However, since standard expenditure aggregates are costly to collect, relative well-
being in developing countries is often measured using asset indices based on durable goods
ownership. Although various methods exist to generate proxies for economic well-being (e.g.,
principal component analysis), the underlying theories associated with these methods have
not been formalized. This makes it difficult to interpret the economic meaning of the result-
ing indices and can lead to inaccurate targeting and evaluation. In this paper, I develop a
new asset index, the utility index, by modeling and structurally estimating household pref-
erences over discrete assets. By drawing from economic theory, the utility index can be more
directly interpreted as capturing long run household well-being. In contrast to existing asset
indices, the utility index incorporates additional information on prices, demographics, and
spatial and temporal variation and can therefore be used for policy simulations that are not
otherwise possible. After developing the theoretical model, I describe a strategy to construct
the utility index by structurally estimating the marginal utility associated with each asset.
I then demonstrate how the utility index can be used by measuring changes in poverty in
Nicaragua using data from the Living Standards Measurement Surveys. I also use the model
to project changes in poverty under a constant income distribution but changing prices and
find that about a third of the poverty decrease measured from 1998 to 2005 can be attributed
to decreasing asset prices. In addition, I show through the empirical analysis that traditional
asset indices are only moderate approximations for household well-being. Finally, I discuss
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and demonstrate the distinctions between asset and consumption measures, which point to
the complementary nature of the two strands of measurement.

The second essay presents an alternate approach for improving accurate poverty mea-
surement in developing countries. Although the utility index developed in the first essay
presents a method for measuring long run economic well-being, complementary measures of
short run welfare are necessary for identifying households which are vulnerable to falling into
transitory poverty. Again, given the expenses associated with collecting full consumption
data, researchers have developed methods to construct wealth indices based on dichotomous
asset and consumption indicators. This work provides guidance on generating such indices
by comparing across various methods of construction and variable choices. Specifically, we
assess the performance of alternate indices using data from the Living Standards Measure-
ment Surveys in five countries in Sub-Saharan Africa–Ghana, Rwanda, Uganda, Tanzania,
and Malawi. We compare indices against a benchmark of household per capita expendi-
ture according to three criteria: rank correlation coefficients, sensitivity to identifying poor
households, and accuracy of classifying households as poor or non-poor. Comparing across
construction methods, we find that indices generated using principal components analysis
correspond most closely with expenditure, though variation across construction methods is
small. Comparing across variable inclusion groups, we find that indices generated using a
combination of indicators drawn from the categories of staple food consumption, other food
consumption, housing quality, semi-durables expenditure, and durables ownership tend to
outperform indices generated using variables from only one or two categories. We also assess
the various indices in urban and rural subsamples and in analyses of repeated cross-sections
and find that index performance is similar to what we find in national, single wave analyses.

The third essay turns to the challenge of improving the quality of health care delivery
systems by looking at provider investment decisions. Pay-for-performance (P4P) programs,
which aim to increase health service provision and quality using financial incentives, have
been recently introduced in a number of developing countries. P4P programs contract di-
rectly on outputs without specifying the mechanisms for improvements, allowing providers to
innovate and modify different aspects of health care delivery as needed. Characterizing these
provider responses can help to identify successful mechanisms for quality improvement and
enhance our understanding of the links between P4P and overall health systems strength-
ening. In this paper, we examine provider input responses to the Rwandan P4P program
using facility-level data from the 2007 Demographic and Health Survey Service Provision As-
sessment (SPA) collected after the randomized program rollout to a subset of districts. We
focus on facility-level incentives for institutional deliveries, which, as documented in earlier
research, resulted in higher institutional delivery rates. Using the SPA facility data, we find
that the program’s effect on institutional delivery rates is comparable to results in previous
studies that used household surveys. Comparing system inputs, we find positive treatment
effects for a general management indicator and the daily presence of staff per capita provid-
ing maternity-related services. There are no differences in other delivery-specific and general
health care delivery inputs. Additionally, we perform a mediation analysis to assess the link
between inputs and outcomes and find that management and staffing differences explain a
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relatively small fraction of the P4P effect on institutional delivery rates. The small mediation
effects indicate the potential importance of unobserved factors, such as recruitment effort,
in the provider production function. Furthermore, the null results for the other analyzed
inputs suggest a weaker link between P4P and overall health system strengthening.
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Chapter 1

Utility Index

Measuring poverty using asset ownership: Developing a theory-driven asset in-
dex incorporating utility and prices

Poverty alleviation for households in developing countries remains one of the central
goals of development economists and practitioners. The accurate measurement of household
economic well-being is a prerequisite for poverty alleviation and is necessary for monitoring
poverty changes and identifying beneficiaries for poverty programs. Although economic well-
being has traditionally been measured using consumption expenditure aggregates, the high
costs of data collection have led to the development of alternate measures of household
well-being. One alternate measurement strategy uses data on durable goods ownership to
generate asset indices for the purpose of rank ordering households. Various methods for
constructing asset indices exist, but the underlying economic theory associated with current
constructs is somewhat informal, making it difficult to interpret the resulting indices as valid
measures of well-being. This is a practical problem because policy-makers currently use these
asset indices to target and evaluate poverty alleviation programs. The use of measures which
do not have a clear economic meaning can potentially result in wasted financial resources
due to mis-targeting or erroneous conclusions about program effectiveness.

I therefore pose a new strategy for generating an asset index with a clear economic
meaning. This index, which I call the utility index, is based directly on a theory of household
demand for assets. The utility index offers an improvement over existing strategies because
it is structurally estimated and meaningfully incorporates information on price, household
demographics, location, and temporal variation—data not used in existing asset indices.
Furthermore, the utility index can be directly interpreted as expected household well-being
(i.e., utility) and can be used for policy simulations that are not possible with existing asset
indices. It also offers the potential for rescaling household well-being onto a cardinal scale
using the mapping from income to utility provided by the indirect utility function.

To develop the utility index, I model household utility and estimate the parameters of
that model. Instead of using the monetary value of asset stocks as the relevant measure of
well-being, I introduce a model of utility for two main reasons. First, the ultimate goal is
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measuring household well-being and not monetary asset values. To this end, I am interested
in measuring the benefits to households provided by different assets, and these benefits are
imperfectly captured by price. This is particularly the case when prices are determined
primarily by supply-side factors such as changes in technology. Second, by introducing a
model, I can make projections about how asset stocks respond to price and income changes.
This is important in characterizing the extent to which changes in well-being are driven by
technology, changes in income, or both.

I develop the utility index using the basic economic theory of utility maximization. Specif-
ically, I assume that observed asset stocks are the optimal solutions to a household utility
maximization problem which allows for asset resale.1 In this problem, a representative mem-
ber of the household chooses which discrete assets and consumption goods to purchase this
period according to the utility she receives from the various items. I specify a within-period
utility function which accounts for the club good nature of the discrete assets and the sub-
sistence consumption requirements of the household. The income available to the household
this period is determined by the sum of household wealth (i.e., the value of the accrued
asset stock) and additional income received this period. To solve the problem, the member
maximizes utility subject to the budget constraint and chooses to hold the bundle of dis-
crete goods which gives her the highest utility, taking into account the consumption losses
associated with asset expenditures.

I use this model to describe an empirical strategy to measure household well-being. To
do so, I first estimate the marginal utilities associated with each of the discrete assets. To
estimate the model, I allow prices to vary spatially and temporally, but I assume that the
utility parameters are constant. I estimate the utility parameters by maximizing the derived
log likelihood function using data on household size, asset ownership, and price. This max-
imum likelihood estimation involves computationally solving the nested nonlinear discrete
choice problem. The marginal utility parameters are identified by population ownership lev-
els relative to price, with frequent ownership of relatively expensive items consistent with
higher marginal utility. I then use the estimated parameters to calculate the expected utility
of each household conditional on bundle ownership, price, and household size. This expected
utility is the measure of household well-being.

I demonstrate the empirical characteristics of the utility index using the 1998, 2001,
and 2005 rounds of the Nicaraguan Living Standards Measurement Surveys. I find that
the estimated marginal utilities of this set of discrete assets are broadly, but not strictly,
increasing in price. Exceptions include televisions, which provide highly valued services
relative to price, and items such as VHS players and toasters, which provide lowly valued
services relative to price. I then demonstrate how the utility index adjusts for spatial and
temporal price variation. By accounting for the utility provided by each asset, the utility
index ranks the same bundle similarly across time and space, in contrast to a strategy which
directly uses asset prices, which have dropped substantially over time.

1I provide some evidence for the validity of the asset resale assumption in the context of the empirical
demonstration in Nicaragua. I also discuss the model’s validity when the assumption fails.
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I also demonstrate the predictive power of the model by assessing the extent to which
price decreases in Nicaragua have contributed to improved well-being. I do so by projecting
asset ownership holding constant the 1998 inferred income distribution while lowering prices
to 2005 levels. I find that decreases in asset prices account for about a third of the decrease
in poverty. This exercise highlights the additional insights about household well-being which
are generated using a theoretical model.

I then empirically test the ability of traditional asset indices to approximate household
wealth. I use the utility index as the benchmark since it is theoretically derived and exploits
additional information on demographics and spatial and temporal price variation. I find
that three traditional asset indices (the inverse frequency weighting method, a standard fac-
tor analysis index, and an expanded factor analysis index incorporating household size and
urban location) are only moderate empirical approximations for expected utility. They gen-
erate weights with little relation to marginal utility, sometimes resulting in negative weights
with questionable economic interpretation. Furthermore, the inferences about poverty and
inequality generated using the traditional asset indices only weakly approximate the findings
associated with the utility index.

Finally, I discuss and demonstrate how the utility index differs from the standard con-
sumption aggregate. Although asset measures are often discussed as proxies for consumption
aggregates, assets are stocks while consumption aggregates capture a flow. The two measures
therefore often respond differently to temporal shocks. I show this distinction empirically,
finding that, despite the moderate correlation between the two measures within each survey
round, the associated poverty trends move in opposite directions.

The rest of the paper proceeds as follows: I discuss the existing literature on asset
indices and asset ownership in Section 1.1. Sections 1.2 and 1.3 describe the model and
empirical strategy. Section 1.4 describes the data and empirical results. This includes
the decomposition of poverty into price effects, the assessment of traditional asset indices,
and the theoretical and empirical discussion of distinctions between asset and consumption
measures. Section 1.5 concludes.

1.1 Background: Existing literature

Researchers and policy-makers interested in issues of poverty need accurate measures of
household economic well-being. These measures are necessary for many applications, such
as monitoring poverty, identifying poor households for assistance programs, and controlling
for socioeconomic status in empirical analyses. Although household economic well-being
has traditionally been captured using household per capita expenditure aggregates, the data
collection efforts associated with expenditure aggregates are time consuming and expensive.
This has led to the development of alternate measures of household well-being.

Over the past two decades, researchers have begun to use information on asset ownership
to generate proxies for household economic well-being. Durable asset ownership provides
summary information on the long run economic situation of households and therefore pro-
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vides a natural source of information for measuring economic well-being. Since assets are
accrued over time, the current stock of assets provides a measure of household savings over
the preceding periods. In the case of the poorest households, basic assets such as furniture
and appliances often constitute the majority of household savings, particularly in areas with
low financial literary or restricted access to formal savings instruments. Asset ownership also
provides a reasonable measure of future welfare, since the assets provide services which can
be enjoyed by households in future periods and are also relatively insensitive to temporary
negative shocks. It is important to note that the durability of assets imply that they are not
well suited to measuring short term welfare.

Data on asset ownership offer additional practical benefits for the measurement of house-
hold well-being. They are relatively inexpensive to collect, consisting of a set of ten to fifteen
yes or no questions and associated questions on asset values. As dichotomous variables, assets
are arguably subject to lower measurement error than the standard consumption measures.
For these reasons, data on asset ownership are widely available and are often collected in sur-
vey instruments such as the Demographic and Health Surveys (DHS) which are not focused
on economic well-being. These surveys are designed to measure non-economic dimensions
of well-being but include data on asset ownership to capture basic information on economic
well-being.

Researchers have recognized the benefits of using asset ownership to proxy for wealth
and have proposed a variety of strategies for constructing proxies for well-being from asset
ownership. I describe the three main strands of strategies for constructing asset indices:
assigned weights, latent variable models, and statistical models. Within the strategy of
assigned weights, the simplest scheme applies equal weights to all assets (Bollen, Guilkey,
and Mroz 1995; Gorbach et al. 1998; Guilkey and Jayne 1997; Havanon, Knodel, and Sittitrai
1992; Jensen 1996; Razzaque et al. 1990). Others have attempted to determine weights
using policy analysis and consultation with national experts (Navajas et al. 2000). Within
the category of latent variable models, ownership propensities estimated using logit or probit
models are used to generate estimates of the underlying latent variable (argued to be wealth)
(Ferguson et al. 2003; Montgomery et al. 2000). Similarly, using the rationale that less
commonly owned goods are generally more valuable, Lyte et al. (2001) and Morris et al.
(2000) apply weights based on the inverse of population ownership levels. The statistical
strategies for constructing asset indices are most common, and rely on methods such as
factor analysis and principal component analysis (Filmer and Pritchett 2001; Vyas and
Kumaranayake 2006). Aimed at reducing data into fewer dimensions, both procedures derive
weights based on the variance structure of the underlying data. Although some rationalize
the use of such methods under the assumption that wealth drives the underlying processes
determining the correlation between asset ownership (Vyas and Kumaranayake 2006), the
lack of corresponding economic theory is explicitly noted by most researchers (Filmer and
Pritchett 2001; Vyas and Kumaranayake 2006).

To date, these measures have been and continue to be used to measure changes in poverty
(Sahn and Stifel 2000; Stifel and Christiaensen 2007) and to identify beneficiaries for pro-poor
programs in places such as Ecuador (Schady and Araujo 2008), Armenia, Brazil, Colombia,
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and Indonesia (Caldés, Coady, and Maluccio 2006). As such, it is critical that the chosen
indices are valid measures of well-being since measures which may not be strongly related
to household well-being will result in errors in poverty measurement and program targeting.
Due to the lack of formal economic theory underlying existing asset indices,2 it is possible
that the resulting measures are only weakly related to household well-being. This is especially
possible since the existing strategies do not exploit data on prices and demographics, which
are important components of asset demand.

At the same time, there is a rich body of literature characterizing demand for durable
assets. Deaton and Muellbauer (1988) present an overview, listing special features asso-
ciated with durable assets which require careful modelling. These features fall into three
categories-durability, market complexities, and discrete choice. First, because assets are
durable and contribute to utility through the provision of services, distinctions need to be
made between purchases which contribute to asset stocks and flows of service consumption.
Durability also introduces additional factors which affect demand. These factors include the
effect of existing stocks on purchasing constraints and future preferences, the importance of
future expectations on advancing and postponing purchasing decisions, and the incorpora-
tion of adjustment and transaction costs into new and replacement demand. Second, market
complexities arise due to significant information imperfections. Second-hand markets for
durable assets can be incomplete or non-existent due to the information asymmetries ex-
isting between buyers and sellers regarding value and quality. Furthermore, demand may
be slow to diffuse through populations for assets associated with new technologies. Finally,
durable assets are associated with the choice between ownership and non-ownership, which
requires special treatment in estimations using cross-sectional microeconomic data (Deaton
and Muellbauer 1988).

Various models have arisen to address these issues. I focus my discussion here on classes
of models relevant to estimating uncovering underlying preference parameters using cross-
sectional microeconomic data.3 The basic discrete choice model has one indirect utility
function associated with each asset ownership level, zero or one, for the case of a single
discrete asset. Households choose the ownership level associated with highest indirect utility,
given their income level. The applications of this model are extensive and have included the
estimation of quasi-Engel curves linking ownership to income levels (Bonus 1973). One
application which is particularly pertinent to the problem of generating an asset index is the
estimation of preference parameters for durable assets. Berry, Levinsohn, and Pakes (1995)
provide an estimation strategy for estimating differentiated product demand using aggregate
data in static settings with extensions to dynamic settings (Carranza 2007). Additional
extensions incorporate microdata to match consumer characteristics with product choices

2The structure underlying the latent variable models assumes that households with an underlying level of
wealth above a certain threshold have an increased probability of owning the asset. Although this can be con-
sistent with a theoretical model where households have hierarchical preferences, the underlying assumptions
are particularly strong and unlikely to hold in reality.

3Deaton and Muellbauer (1988) provide background on other approaches developed to identify rates of
investment and costs of adjustment using stock adjustment models and discretionary replacement models.



CHAPTER 1. UTILITY INDEX 6

(Goldberg 1995).
In this paper, I contribute to the literature of poverty measurement by drawing from the

body of work on durable asset demand. Because the number of unique features associated
with durable assets is sizable, I only address a subset which is particularly relevant to the
context of generating household rankings. I directly address the discrete nature of durable
assets but abstract away from the dynamic issues associated with durability. I later provide
empirical evidence that dynamics less of a concern in this particular application context.
I briefly discuss the implications of market complexities but leave serious consideration of
these issues to future work.

1.2 Model

As discussed above, the goal of this work is to construct a proxy for economic well-being that
can be estimated using data available to practitioners. Specifically, the task at hand is to
use data on asset stocks and prices observed in cross-sectional data to rank order households
according to their economic well-being. In developing the theoretical model with this goal
in mind, I also discuss the assumptions necessary to use asset stocks as proxies for current
economic well-being.

I use utility as the relevant measure of well-being, since utility is standardly used to
capture how various goods and services contribute to household well-being. The strategy for
developing the model and estimation is as follows: I will use a model of utility maximization
to create a mapping between household asset stocks and utility. Using this mapping, I can
infer unobserved household utility from observed asset ownership.

When thinking about mapping current utility to current asset stocks, it is important to
be precise about the relevant utility maximization problem associated with asset purchases.
The primary assumption which I make is that observed asset stocks are the optimal solution
to the current period’s maximization problem using accrued wealth as the relevant budget
constraint. To make this assumption, I draw from the standard results of two-stage budget-
ing and an additional assumption. Under the theory of two-stage budgeting, the solution to
the lifetime utility maximization problem can be broken into two stages. In the first stage,
the household member decides how to allocate resources across periods; in the second, she de-
cides how to spend her resources within each period. This result follows from the observation
that the within-period marginal rate of substitution conditions continue to characterize re-
source allocation within each period, meaning the within-period maximization problem can
be treated as a standard static maximization problem provided the within-period budget
constraint is correctly adjusted (Blundell and MaCurdy 1999).

To use this result, I assume that observed resource allocations are the solution to the
second stage of a two-stage budgeting problem. By doing so, I can treat current period
allocation decisions within the framework of a within-period utility maximization problem
without accounting for what has occurred in previous periods. Because of the durability
of assets, I make the additional assumption that households are free to buy and sell assets
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every period with minimal transaction costs, reoptimizing when appropriate. Within the
context of two-stage budgeting theory, this implies that households take current asset values
into account when determining their resource allocation across periods. The assumption of
the existence of asset resale may or may not be reasonable in different contexts. I therefore
present some evidence that the assumption is reasonable in the context of the empirical
application and discuss the implications of the method when the assumption is violated in
Section 1.4.

Under these assumptions, I write down the lifetime utility maximization problem and
constraints following Blundell and MaCurdy (1999). I discuss the utility function in terms
of a representative household member. The member chooses over a set of discrete assets,
x1, ..., xJ , and one consumption good, c, the numeraire. Let u(c, x) denote the within-period
utility function and V (m, p) denote the value function. To make the model tractable and to
apply two-stage budgeting, I assume utility is separable across time.

V (m, p) = max
c,x1,...,xJ

u(c, x1, ..., xJ) + β

∫
V (m′, p′)dF (y′, p′)

The intertemporal budget constraint is given by the time path of savings, s, which are
affected by the return on savings, r, other income, y, and asset prices, p. The relevant asset
prices are the prices for which the assets, taking appreciation and depreciation into account,
can be bought and sold locally.

s′ = (1 + r′)(s+ y − c) + p′1x1 + ...+ p′JxJ

Under two-stage budgeting theory, the solution to the problem can be found by backwards
induction. Denoting m as the resources allocated to the current period, utility can be
maximized for the period conditional on m. This results in an indirect utility function
υ(m, p) for each period. The solution for m can be found by substituting the indirect utility
functions into the lifetime utility function, giving the optimal m as a function of prior period
savings, the current interest rate, other current income, and prior period asset stock holdings.

m = M(s∗, r, y, x∗)

where s∗ and x∗ represent savings and asset ownership from the previous period,
respectively. Using m, the choice over consumption and asset purchases can then be
correctly characterized as

max
c,x1,...,xJ

u(c, x1, ..., xJ)

subject to

c+ p1x1 + ...+ pJxJ ≤ m.
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Within-period utility maximization

I turn now to defining and solving the within-period maximization problem. In specifying the
problem, I characterize the preference parameters that I will later estimate using observed
data. These parameters can then be used to infer household well-being from observed asset
ownership. Although I focus on one particular parametrization of utility, one benefit of
introducing a model is that researchers can modify the model to identify parameters which
may be particularly relevant for specific applications.

In the utility function I choose, I assume that the marginal utility associated with each
asset is independent of total household size. The assets included in such indices are items
such as televisions and refrigerators, for which this assumption is generally reasonable. I
also assume that the representative household member takes subsistence consumption for all
household members into account. For simplicity, I assume that there is no complementarity
between the discrete goods and between the discrete goods and consumption.

As with the lifetime utility function, the within-period utility function is defined over one
consumption good c (the numeraire) and J discrete goods, each denoted xjt. The bundle of
discrete goods is denoted by x. The discrete goods have an associated price vector, p, and
the budget constraint is given by household wealth, m, as defined previously. A constant
relative risk aversion (CRRA) utility function is assumed for the consumption good, subject
to a subsistence level of consumption, φ, which is scaled by household size. Ownership of
each discrete good is associated with a scalar, ψj, which captures the marginal utility gained
from the services rendered by the discrete good over the relevant time period. There are
2J potential bundles of discrete goods. The within-period utility maximization problem is
given by

max
c,x1,...,xJ

[
(c− φh)1−γ − 1

1− γ

]
+ ψ1x1 + ...+ ψJxJ

s.t. c+ p1x1 + ...+ pJxJ ≤ m

xj ∈ [0, 1].

The solutions follow Hanemann’s discrete choice model of consumer demand, using a
specified utility function (Hanemann 1984). To solve the problem, the household will spend
whatever income that is not spent on the discrete goods on the consumption good (c =
m − p1x1 − ...pjxj). To determine the optimal bundle of discrete goods, the household
calculates the indirect utility associated with each potential bundle of discrete goods and
chooses the bundle with the highest conditional indirect utility given the household’s income.
Defining the conditional indirect utility for bundle xk as

υ(m, p|xk) =

[
(m− p1xk1 − ...pJxkJ − φh)1−γ − 1

1− γ

]
+ ψ1x

k
1 + ...+ ψJx

k
J
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the general solution is then given by the bundle, xn, such that

υ(m, p|xn) ≥ υ(m, p|xk) ∀xk s.t. k 6= n.

That is, the optimal bundle is the bundle associated with the highest conditional indirect
utility. Using the case of two discrete goods with parameters φ = 1, γ = 0.5, ψ1 = 2, ψ2 = 6,
p1 = 5, and p2 = 16, I illustrate the within period utility maximization problem. Again,
the two goods can be imagined to be a radio and television. Under these parameters, the
radio is cheaper than the television and also provides less utility in each period. Figure 1.1
shows the four indirect utility functions associated with each potential bundle. The solid
black line represents the indirect utility associated with owning neither of the two goods;
it is increasing with income at a decreasing rate due to the functional form of the utility
function. The gray dotted line represents the indirect utility associated with owning only
the radio, the cheaper good. It appears at the level of income at which the radio becomes
affordable (taking into account subsistence consumption) and is translated upwards due to
the utility associated with radio services. The other two utility bundles can be similarly
described.

Figure 1.2 shows the optimal bundles associated with each level of income. At the lowest
levels of income, it is optimal for households to purchase neither good and spend all their
income on consumption. At slightly higher levels of income, it is optimal to purchase the
cheaper radio but not the more expensive television. For households with moderate levels
of income, it becomes optimal to forego purchasing the radio and to instead purchase the
more expensive television. This occurs because households enjoy the services provided by
the television more than the services provided by the radio and should therefore purchase the
television when it is affordable. Finally, the bundle with both the radio and the television
becomes optimal at the highest levels of income. It is not shown in the figure, but larger
households require slightly higher income before purchasing the same non-zero bundle as a
smaller household due to the need to satisfy subsistence consumption.

As a note, more expensive assets may not provide more highly valued services. For
example, the utility associated with a more expensive good such as a CD player might be
lower than that associated with a cheaper good like a radio. In this case, the bundle with a
CD player but no radio would be dominated everywhere by the bundle with a radio but no
CD player, and households would only choose to own CD players if they also own a radio.

Before moving to the empirical estimation strategy, I highlight one strength of using
discrete assets to infer well-being. As illustrated by the graphical solutions, each optimal
bundle maps to a distinct interval of utility. Thus, a household’s level of well-being can be
directly inferred from asset ownership without data on consumption expenditures if asset
purchases are optimal. In this way, a fair amount of discrimination across households can
be achieved using data on a relatively small set of assets.
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1.3 Empirical strategy

Returning to the goal of generating a measure of well-being, the asset demand model offers a
natural way of ranking households. This can be done if the parameters of the utility function
are known. In this section, I provide an overview of the empirical strategy for estimating the
parameters of the utility function. The details for the empirical estimation can be found in
the Appendix.

To estimate the model, I use a latent variable maximum likelihood estimation strat-
egy, where I assume a distribution for the underlying unobserved total income, derive the
likelihood of observing a set of preference parameters, and then find the parameters which
maximize the likelihood function under a set of constraints. The estimation strategy takes
observations on price, household size, and asset stocks from cross sectional data and infers
the subsistence level of consumption, φ, and the marginal utility parameters, ψ, in the utility
function specified above.

The data consists of a set of households, indexed by i, which exist in various regions,
indexed by r, and time periods, indexed by t. Prices are observed and are measured as
the average reported current resale price within each region and time period. Quality and
depreciation are accounted for through the use of reported resale prices. Asset stocks are
measured as dichotomous variables.4 Empirically, each bundle is a vector where each com-
ponent indicates ownership of a different asset. The length of each vector is the total number
of assets.

x = {x1, x2, ...xJ}

where xj ∈ [0, 1]. I use superscripts to denote distinct bundles. The set of potential
bundles is denoted by so xk, where k ∈ 1, ..., 2J .

Household preferences are unobserved and the goal of the empirical estimation. House-
hold preferences are distributed around the average population preferences, ψ̄, which I as-
sume are constant across time and space. Although average population preferences may vary
spatially and temporally, the direction of the variation is ambiguous and therefore difficult
to build into the model without additional information. For instance, marginal utilities for
certain goods may increase over time as new technology improves the quality of services pro-
vided by goods such as computers. At the same time, the marginal utilities for other goods
may decrease over time as improved substitutes make items such as VHS players obsolete.
Similarly, the services provided by items such as cars may be valuedly differently in urban
and rural areas. In one scenario, cars may be less highly valued in rural areas because usable
roads may not exist. Alternatively, cars may be less highly valued in urban areas because of
the existence of functioning public transportation systems. As illustrated by these examples,
the direction of preference variations is ambiguous and will differ for each asset depending

4If households own more than one asset (i.e. two televisions), the additional assets can be separately
modeled as distinct assets. This is consistent with the idea that the marginal utility associated with a second
television would differ from that of a first television.
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on the context. Without additional information to identify spatial and temporal variation in
average utility parameters, I maintain the simplifying assumption that the average marginal
utility parameters are constant. As a note, it is possible to estimate the spatial and temporal
variation in utility parameters by estimating the model separately for each region-period. Al-
though this is straightforward to implement, a comparison of households in different regions
and time periods requires placing the parameters onto a common scale. Thus, this strategy
involves the development of additional methodology which can be addressed in future work.

The marginal utility for asset j and household i at time t is given by

ψjit = ψ̄j + εjit.

The indirect utility for bundle xkit is

υ(mit, prt|xkit, hit, φ, ψit) =

[
(mit − p1rtxk1 − ...− pJrtxkJ − φh)1−γ − 1

1− γ

]
+(ψ̄1 + ε1it)x

k
1 + ...+ (ψ̄J + εJit)x

k
J .

Household i will choose bundle xkit if the indirect utility for that bundle exceeds that of
every other potential bundle at the household’s given total income mit. The probability that
an arbitrary household with total income mit chooses bundle xkit is given by

Pr(xkit|mit, hit, prt, φ, ψit) = Pr
(
υ(mit, prt|xk, hit, φ, ψit) ≥ υ(mit, prt|xn, hit, φ, ψit) ∀xn 6= xk

)
.

This discrete choice probability is the basis for multinomial logit and probit models,
where the relevant choice set is given by the set of potential bundles, not single assets. The
parameters cannot be estimated by a direct application of a multinomial logit or probit,
though, due to the nonlinearity of unobserved wealth in the conditional indirect utility
functions. This requires additional integration over the wealth distribution, which can be
incorporated into a maximum likelihood strategy. Although it is possible to ignore wealth
effects when utility is assumed to be quasilinear in wealth, this is unlikely to hold in reality.

The parameters can be estimated using maximum likelihood given distributional assump-
tions for unobserved household preferences and wealth. Assuming that household preferences
for each asset are independent and distributed normally,

εjit ∼ N(0, σj),

the probability that a household with total income mit chooses bundle xkit can be rewritten
as

Pr(xkit|mit, hit, prt, φ, ψit)

=
∏
xn 6=xk

Pr
(
υ(mit, prt|xk, hit, φ, ψit) ≥ υ(mit, prt|xn, hit, φ, ψit)

)
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=
∏
xn 6=xk

Pr
(
υ(mit, prt|xk, hit, φ, ψ̄ + εit) ≥ υ(mit, prt|xn, hit, φ, ψ̄ + εit)

)
=
∏
xn 6=xk

Pr
(
υ(mit, prt|xk, hit, φ, ψ̄)− υ(mit, prt|xn, hit, φ, ψ̄) + εit(x

k − xn) ≥ 0
)

=
∏
xn 6=xk

[
1− Φ

(
0, υ(mit, prt|xk, hit, φ, ψ̄)− υ(mit, prt|xn, hit, φ, ψ̄), σkn

)]
where σkn =

√
σ2
1|xk1 − xn1 |+ ...+ σ2

J |xkJ − xnJ |.

By assuming a distribution for unobserved wealth, I calculate the probability of observing
bundle xkit for household i at time t as

Pr(xkit|hit, prt, φ, ψ̄, σ) =

∫
mit

Pr(mit)Pr(x
k
it|mit, hit, prt, φ, ψ̄, σ)

where mit ∼ lnN(0, 1).

The log likelihood function for the utility parameters is then given by the probability of
observing each bundle, given the price, household size, and population utility parameters,
and then summed over all the observed bundles. The log likelihood function can be written
as

lnL(φ, ψ̄, σ) =
∑
it

lnPr(xkit|hit, prt, φ, ψ̄, σ).

Since theory implies that the subsistence parameter φ, the marginal utility associated
with each good ψj, and the variance terms σj are non-negative, the log likelihood function
can be maximized subject to a set of constraints. Additional constraints are to identify
unique point solutions because the log likelihood function is flat in certain regions. This can
be seen in the case of one disrete asset. The predicted population ownership share can be
increased by raising the marginal utility associated with the asset. When the marginal utility
associated with the asset is increased to a high enough level, asset ownership dominates non-
ownership at all wealth levels for which the asset is affordable. The ownership share and
associated likelihood are therefore constant at some threshold value of marginal utility and
above. With more than one asset, analogous flat regions exist in the log likelihood function
because the utility function is ordinal. The details for the construction of the additional
constraints can be found in the Appendix.5

5An alternative estimation strategy without additional constraints would involve estimating level set
solutions instead of point estimates.
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I assume a lognormal distribution for income mi and estimate the parameters which solve
the following problem:6

max
φ,ψ,σ

lnL(φ, ψ̄, σ)

s.t.

0 ≤ φ

0 ≤ σj ∀j = 1, ..., J

0 ≤ ψj ≤ ψjrt,max ∀j = 1, ..., J

After estimating the parameters φ∗, ψ∗, and σ∗, the predicted utility associated with each
household is the expected value of utility as a function of household size and the observed
bundle, taken over the values of mit for which that bundle is affordable. The predicted utility
for a given household can be written as

U(hirt, xirt) = E

([
(mit − p1rtx1irt − ...− pJrtxJirt − φ∗hirt)1−γ − 1

1− γ

]
+ ψ1rtx1irt + ...+ ψJrtxJirt |mit ≥ p1rtx1irt + ...+ pJrtxJirt + φ∗hirt

)
.

The resulting utility index is generated primarily from the variation in observed asset
stocks. Secondary variation from household size and price variation is also exploited. Differ-
ently sized households with the same bundle will differ slightly in their expected utilities due
to differences in their expected levels of non-subsistence consumption. Likewise, households
which face different prices but own the same bundle will differ slightly in their expected
utilities due to different expected levels of non-subsistence consumption. For the most part,
though, the expected utilities for households with the same bundle will be relatively similar
due to the assumption of homogeneous preferences.

The unconditional indirect utility function offers a direct mapping from utility to un-
derlying wealth. This makes it possible to place the utility index onto a cardinal scale of
household wealth. It is important to note, though, that the stock of wealth is not directly
comparable to traditional measures of flows of income and consumption. For this reason, I
use the utility index to calculate poverty using 1998 relative poverty lines for the purpose of
comparison with traditional indices and consumption.

6Empirical estimates for the income distribution in the sample can be used instead of a hypothetical
distribution. I choose to assume an income distribution since the empirical income distribution may not be
readily available for the particular population and time period of interest.
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Identification and distinctions from alternative strategies

Following the proposed estimation strategy, the model parameters are identified using the
distribution of asset bundles observed in the data. The marginal utility parameters are de-
termined by ownership levels relative to prices. Assets with low relative prices that appear
infrequently in the population are associated with low marginal utility and are only pur-
chased after other higher utility assets have been acquired. These low utility assets include
items such as toasters and rice cookers which provide supplementary services which are also
provided by other multipurpose appliances like stoves. Conversely, certain assets are rela-
tively expensive but are commonly owned, indicating that the associated marginal utilities
are relatively high. These high utility assets include items such as stoves and televisions,
which households often purchase in lieu of cheaper goods when they can afford them.

This estimation strategy differs from the traditional latent variable models by incorpo-
rating price information. The traditional latent variable models are operationalized using
variants of logits and probits and are identified solely from population ownership levels.7 The
traditional latent variable models assume that the probability of ownership for each asset
increases with underlying wealth, which is consistent with a model where marginal utility is
decreasing in price. This implies that households should always purchase goods in a speci-
fied order, for instance always buying radios first, televisions second, and computers third.
Yet, even for a population with identical preferences, this ordering may not always occur.
The two good solved example of the theoretical model shows a case where it is optimal for
households to purchase a television without first purchasing a radio, if they can afford to
do so. Thus, compared to the traditional latent variable models, the proposed estimation
strategy directly incorporates price information and allows for a more flexible relationship
between price and marginal utility.

Although the incorporation of price information represents one key improvement over
traditional asset constructs, the proposed asset index differs from simply summing the prices
of all owned assets. The ultimate goal is to measure household well-being, not the monetary
value of household assets. As discussed above, marginal utility is not the same as price, as
more expensive assets may not necessarily make households better off than cheaper assets
which provide more fundamental services. This is consistent with empirical observations
that ownership levels of assets with similar prices may vary widely, indicating differing levels
of marginal utility. The distinction between price and marginal utility is most notable when
the asset supply functions are highly elastic and market prices are therefore determined
primarily by production factors.

Furthermore, there are issues associated with using the total monetary value of assets
stocks when there is substantial spatial and temporal price variation. A meaningful wealth
measure should not penalize households for decreases in asset prices associated with techno-
logical advances. For instance, a household with a television and cellular phone now is better
off than a household with only a television five years ago, even though the total cost of the

7See Ferguson et al. (2003) and Montgomery and Hewett (2005) for detailed descriptions of two latent
variable models.
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television/cellular phone bundle now may be much less than the cost of just the television
five years ago. The introduction of the utility model provides a meaningful way to address
such price variation under the assumption that a given asset provides the same service to a
household regardless of cost.

In addition, the structural estimation underlying the utility index allows the method to
be used for policy simulations. Specifically, the model can be used to generate predictions
about how asset ownership patterns will respond to variations in price and income as well
as demographic shifts. Furthermore, the identification of marginal utility parameters also
allows policy makers to identify and potentially focus on the assets which contibrute most
highly to household well-being.

1.4 Data and Results

To estimate the model, I use three rounds of nationally representative data from the Nicaraguan
Living Standards Measurement Surveys (LSMS), from 1998, 2001, and 2005.8 Classified by
the World Bank as one of the poorest countries in Latin America with half of the population
falling below the poverty line in 1993, Nicaragua represents an area where poverty moni-
toring is vital and where ownership of basic goods can provide meaningful differentiation
between households.

Although this period of transition towards democracy and free market policies has gener-
ally been characterized by growth, it has also been punctuated by recession, volatile export
prices, and natural disasters. In addition to being variable, growth was likely also uneven
across economic sectors and geographic regions, as regional disparities accounted for sub-
stantial variations in poverty in the early 1990s. This context thus presents a natural setting
in which to apply the household utility model to measure differences in household well-being
over time and across regions.

The LSMS datasets are comprehensive household surveys collected by country institu-
tions in collaboration with the World Bank to capture household well-being. They therefore
contain extensive information on household assets. Furthermore, the instruments include
detailed modules on household consumption and expenditure, which will allow me to com-
pare inferences made using the household utility model with those found using the standard
per capita consumption measures.

To estimate the model, I use data on the twelve most commonly observed assets: irons,
radios, fans, blenders, toasters, bicycles, stoves, sewing machines, VHS players, televisions,
refrigerators, and cars. Although some of the goods may double as productive assets for
home businesses, all the items are listed under the heading of common household equipment
and provide services that can be directly enjoyed by the households. I exclude livestock
from the estimation strategy as the assumption that livestock provides the same utility to
both urban and rural households is likely invalid. The price of each asset is given by the

8An earlier LSMS was also conducted in Nicaragua in 1993 but is excluded from this analysis because it
lacks data on ownership of durable goods.
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average value of the good, reported by households which own it. Since households are asked
to report the value of the good in its current condition, depreciation and quality have been
broadly accounted for in the price.

As a note, the LSMS are rich datasets which offer the potential to explore interesting
behaviors such as how households acquire and sell off different assets. For the purposes of
this work, I exploit only a small fraction of the data to demonstrate the potential use of the
proposed asset index. As asset indices are used primarily in datasets with information on
asset ownership and prices but little additional information on living standards, I restrict
my analysis to this subset of data. I also use sampling weights to allow the data to be used
as a nationally representative cross section (ignoring the panel feature of the data).

Model estimates and poverty changes

Table 1.1 shows the ownership levels of the goods by year and urban/rural location. Own-
ership levels are broadly decreasing in price, with high levels of ownership for inexpensive
items such as irons and lower levels of ownership for expensive items such as cars. This is
not strictly the case, though. Specifically, relatively expensive items such as televisions are
commonly owned while relatively inexpensive items such as toasters and VHS players are
rare. This indicates that there is important variation in the utility provided by the different
assets which can be used to construct a meaningful asset index.

Ownership for most goods increased over the observed time period in both urban and
rural areas, although there were slight declines in ownership for certain goods from the
1998 to 2001 time frame. Irons in rural areas and sewing machines in urban areas are
the exception, with small declines in ownership of those goods due perhaps to substitution
towards other goods. Increases in ownership were particularly large, exceeding 10 percentage
points for radios and bicycles in rural areas and stoves, televisions, and refrigerators in urban
areas. Ownership levels of all goods, with the exception of radios, is lower in rural areas.
Although iron and television ownership is relatively high in both urban and rural areas, fan
and blender ownership is low relative to other goods when comparing rural areas to urban
areas. This indicates that the assumption of homogeneous preferences across location is a
strong assumption that should be addressed in future work.

The left panels of Table 1.2 show the prices for the included assets by year and urban/rural
location. The reported values for the different assets range from 79 (for irons) to 49767 (for
cars) cordobas, or 1-800% of the 1998 per capita yearly expenditure.9 The prices for all assets
declined over the eight year period in both urban and rural areas, though price increases
were observed for some assets between 1998 and 2001. Price declines were extremely high
for VHS players due to changes in technology and were also large (over 20% in both urban
and rural areas) for radios, toasters, sewing machines, and refrigerators. Reported prices
in rural areas are generally lower than the corresponding urban prices in 1998, but larger

9Deflation into 1998 Nicaraguan cordobas is done using consumption expenditures from the World De-
velopment Indicators.
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urban price decreases caused rural prices to exceed urban prices in 2005 for five of the assets.
Asset prices are similar for most goods across urban and rural locality, with the exception
of televisions, which are substantially more expensive in urban areas.

I now proceed to estimate the model. The last two columns of Table 1.2 present the
estimated average marginal utility parameters and the corresponding standard deviations
capturing the distribution of utility parameters. The estimated subsistence parameter for
the model is 172 cordobas. Average marginal utility is broadly increasing in price, indicating
that households often forego cheaper goods in order to purchase more expensive ones. This
is exemplified by the fact that some households (1.7% of the pooled sample) own only
televisions out of all the items. Exceptions to this pattern include toasters, VHS players,
televisions, and irons. The low average marginal utilities for price associated with toasters
and VHS players is consistent with the fact that few households choose to own toasters or
VHS players despite their affordability. Conversely, the estimated average marginal utilities
for televisions and irons are high relative to their prices, consistent with the high population
ownership levels. This is consistent with the fact that iron ownership exceeds radio ownership
by 25 percentage points, in spite of the low price differential of one to two USD.

The estimated standard deviations, σ∗, indicate that there is a relatively wide distri-
bution of marginal utilities across households, with higher standard deviations associated
with higher average marginal utilities. This implies that the services provided by irons, ra-
dios, and fans are similarly valued. Furthermore, the estimated average marginal utilities
will generate households rankings associated with a fair amount of uncertainty, particularly
among household which own the cheaper asset bundles. This uncertainty is expected given
the existence of heterogeneous preferences.

To show how these estimates translate into a measure of well-being, I present the rankings
for the utility index for a selected set of bundles in Table 1.3. For comparison purposes, I
also present the price rankings generated using the real monetary value of the bundles.
The displayed price and utility rankings are averaged across urban and rural areas and all
household sizes, and the ownership level is presented for the pooled sample. Looking across
bundles, higher priced bundles (which have higher associated price rankings) are generally
associated with higher utility rankings. This is not always the case, though, as highlighted
by a few pair-wise comparisons. Households which only own fans are ranked as less well
off than households which only own radios, although fans cost slightly more, on average.
In the same way, households which own the bundle with only a television are ranked as
better off than households which own the bundle with an iron, a stove, a fan, a bicycle, and
a sewing machine despite the fact that the latter bundle consistently costs slightly more.
These rankings are consistent with the fact that the slightly more expensive bundles appear
much more frequently in the population. This shows that the services provided by these
slightly more expensive bundles are more highly valued.

Table 1.3 also highlights the ability for the utility index to reconcile substantial temporal
price changes. For example, due to decreasing prices, the monetary value of an iron, a stove,
a fan, and a bicycle in 2005 is lower than the total cost of a bundle with a stove and a bicycle
in 1998. Although the strictly larger bundle in the later time period is worth less money, the
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utility index captures the fact that the additional iron and fan provide a utility boost and
therefore make households with the larger bundle in 2005 better off in terms of well-being.

I now demonstrate how the proposed utility index can be used by assessing how poverty
has changed over time. Table 1.4 shows the poverty headcount over time using the utility
index for various relative poverty lines. For example, the 10% poverty line for the utility
index is defined as the index value below which 10% of the 1998 national sample falls.
Comparing urban and rural areas, the headcounts show that poverty is highly rural across
the distribution, with an estimated rural poverty rate that is four times as high as the
corresponding urban rate at the lowest poverty line. The poverty trends show that poverty
has been decreasing over time at all poverty lines with the exception of the 90% poverty line
in urban areas from 1998 to 2001. These decreases have occurred in both urban and rural
areas and are consistent with the summary statistics which show a general increase in asset
ownership over the time period.

Table 1.5 presents the percent changes in poverty as well as the ratio of rural to urban
poverty headcounts over the time period. The declines in poverty measured using the utility
index are large, with national decreases of over 50% for the lowest two poverty lines. Large
declines in urban poverty have occurred throughout the distribution, with declines exceeding
35% even at the 60% relative poverty line. Declines in rural poverty have been much more
concentrated at the low end of the distribution, with decreases of 52 and 61% for the lowest
two poverty lines but more modest changes (less than 12%) for the 40% relative poverty
lines and higher. These differential changes in rural and urban areas have caused poverty to
become more and more concentrated in rural areas over time, with rural poverty rates over
six times as high as urban poverty rates under the 30% and 40% relative poverty lines.

Characterizing model performance

The model estimates household preferences in the absence of data on household wealth.
To characterize the model’s performance, I predict household asset stocks using data on
household wealth available in the LSMS. I use the sum of annual consumption and the
asset stock value as the measure of household wealth. I predict asset ownership under the
assumption that household preferences are equal to the average marginal utility estimates,
ψ̄∗. Table 1.6 shows the prediction errors at the household level, by location and year.

In rural areas in 1998, predicted toaster, VHS, and car ownership matches true asset
ownership for over 90% of households. Model error is higher for the less expensive assets,
with accurate predictions for 50%, 55%, 49%, and 53% of households for iron, radio, fan,
and blender ownership, respectively. Similar patterns are seen for asset ownership in rural
areas in 2001 and 2005, with slightly lower accuracy in the later years.

Model accuracy in urban areas in 1998 tends to be slightly higher than accuracy in rural
areas in 1998. Model accuracy is highest for car ownership (91%), and lowest for radio and
blender ownership (55% and 55%). In urban areas in 2005, accuracy is particularly low for
radios, VHS players, and sewing machines—assets with the largest average price changes
over the time period, with decreases of 44%, 68%, and 37%, respectively. The assumption
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of constant average marginal utilities generates predictions that ownership for these items
will increase substantially in response to decreasing prices. In contrast, ownership levels for
radios, VHS players, and sewing machines remained relatively constant, indicating that the
price decreases may have associated with simultaneous inward shifts in supply and demand.

The prediction results indicate that the model is able to predict asset ownership with
moderate accuracy when data on household wealth is available. This demonstrates the
power of employing a simple utility framework with relatively few parameters to explain
household purchasing behaviors. At the same time, the prediction errors show that the
model fails to capture all the important aspects of household asset ownership. The model
tends to over-predict asset ownership for all years, regions, and assets, with the exception
of cars. Calibration using observed wealth will be necessary if the model is to be used
for predictions of asset ownership. In addition, the results indicate the likely existence of
systematic differences in average preferences across regions and time, particularly for assets
with substantial price differentials. This heterogeneity can be incorporated into an expanded
model to allow for higher model accuracy.

Model validity without asset resale

In the theoretical model, the assumption that assets can be freely bought and sold each period
was necessary to model household decision-making as a single period utility maximization
problem. This assumption may or may not be reasonable in different contexts. If assets are
sticky and households are not free to reoptimize their asset allocations each period, observed
asset allocations may be sub-optimal solutions to the current period utility maximization
problem. For example, suppose a household purchases a cheaper asset such as a radio in
a prior period. With the additional income available to the household this period, it is
optimal for the household to sell its radio and purchase a more expensive, higher marginal
utility asset such as a television. Without asset resale, the household is unable to trade
up; it keeps the radio and spends its additional income on consumption. A measure of
well-being based solely on asset ownership would therefore underestimate the true level of
current household utility. An asset measure can also overestimate well-being if households
are unable to reallocate asset ownership towards consumption or less expensive assets in
response to negative income shocks. Without asset resale, then, an asset index can result in
the mis-rankings of household well-being.

To address this concern, I first present empirical evidence that this assumption holds
in the context of Nicaragua and then use a simulation to demonstrate the validity of the
utility index in contexts without asset resale. The survey instrument does not include an
item on asset resale, but I identify the fraction of households which sold or discarded assets
owned in earlier periods using the panel aspects of the data. If households are unable to sell
their assets, I expect this fraction to be relatively low and due solely to asset disposal after
substantial depreciation. The left panels of Table 1.7 show that the fraction of households
which have sold or discarded assets owned in earlier periods is moderate to substantial. For
example, approximately 40% of urban households which own bicycles in 1998 have sold or
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discarded them by 2001. To provide stronger evidence that households are actually reselling
their assets and not simply discarding old assets, I repeat the analysis restricting the sample
to new assets (less than 2 years old) under the rationale that households are more likely to
resell newer assets instead of simply discarding them. These results are shown in the right
panels of Table 1.7. Again, I find that the fraction of households which have sold or discarded
relatively new assets is moderate to substantial. This is true across the range of items and
in both urban and rural areas, indicating that there are at least partially functioning resale
markets for all the goods in both urban and rural areas. This indicates that the asset resale
assumption is reasonable in the context of Nicaragua. I note that measurement error could
cause incorrect identification of asset divestiture. This could overestimate the amount of
asset divestiture if there is a high rate of false negative ownership errors in later periods
or false positive ownership errors in earlier periods. Alternatively, false negative errors in
earlier periods and false positive errors in later periods will result in an underestimation of
asset divestiture rates. Since there is little reason to suspect a systematic bias in the types
of measurement errors, this is unlikely to affect the validity of the divestiture analysis.

In other contexts where second-hand markets are thin or nonexistent, the lack of asset
resale may be a more substantial concern. To assess the validity of an asset index when
assets cannot be freely sold, I run a simulation. In the simulation, households live for
multiple periods. In each period, household i is endowed with income yit and purchases
assets according to the utility function specified above, conditional on prior asset ownership.
For example, a household chooses to purchase a radio in the first period according to its first
period income. In the second period, the household makes its purchasing decisions based on
its second period income, ignoring the value of the previously purchased radio, and chooses
from all bundles which contain a radio. I then compare the true current utility, which takes
consumption and asset ownership into account, with the utility index based solely on asset
ownership.

I run various simulations, which differ along four dimensions. The first dimension of
variation is the total number of assets. A larger number of assets will provide greater
discrimination between households in general. Without asset resale, a larger number of
assets may partially alleviate the mis-rankings associated with not being to trade up. This
will occur if households, which are unable to trade up, spend their additional resources
this period on purchasing inexpensive assets as opposed to allocating the resources towards
unobserved consumption. Thus, a household which already owns a radio and is unable
to trade up to a television can purchase a fan instead and achieve an asset stock which
more closely reflects it overall wealth, despite being suboptimal relative to a scenario with
asset resale. I allow for three scenarios with six, ten, and fifteen assets ranging in price
and marginal utility, reported in Table 1.8. I use prices and parameter estimates from the
Nicaraguan data for the simulations, adding three additional fictitious assets for the fifteen
asset simulation. I treat the marginal utility parameters as perfectly known and pass over
estimation issues to isolate the concerns associated with the lack of asset resale. That is, I use
the given parameters to simulate household ownership and to generate the utility index. In
generating the data, I assume that the six, ten, or fifteen assets are the only assets available
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and that each household has identical preferences.
The second simulation dimension is intertemporal income variability. The asset resale

assumption is irrelevant in the context of relative household rankings if all households live for
the same number of periods and are endowed with the same income each period. Without
asset resale, households may choose bundles that are suboptimal relative to the optimal
bundles with asset resale, but this will affect all households similarly. That is, households
which are unable to trade up to a television have consistently lower income and lower utility
than households which own a television. Asset ownership will therefore correctly identify
relative household rankings. This relationship breaks down when income is variable across
periods; without asset resale, income shocks are imperfectly translated into asset stocks. To
assess the importance of intertemporal income variability, I endow households with a base
income ȳi drawn from a lognormal distribution. Income for each period is drawn from a
normal distribution with mean ȳi and standard deviation σȳi, where σ is a fraction of mean
income and takes on the values of 0, 0.1, 0.2, and 0.5. Higher values of σ capture contexts
with higher intertemporal income variability.

The third and fourth dimensions are simulation length and intertemporal price trends. I
generate simulations which last for two, five, and ten periods. In the five period simulation,
1000 households live for five periods, 1000 households live for four periods, 1000 households
live for three periods, and so on. Even when incomes are constant over time, an asset index
can incorrectly rank households of different ages. Again, an old household with a radio which
is unable to trade up to a television can have higher utility than a new household with a
television because of utility from consumption. Along the dimension of intertemporal price
trends, I allow for two scenarios. In the first, asset prices are constant over time. In the
second, asset prices decrease by 5% each period.

Table 1.9 shows the Pearson rank correlation coefficients, ρ, comparing the true current
utility to the asset measure. As illustrated above, in a single period model, households
will be perfectly ranked using information solely from asset ownership if preferences are
homogeneous. (Due to tied rankings using an asset measure, the rank correlation coefficient
will be less than 1.) The top panel shows the results when prices are held constant over time.
In the five asset, two period simulation where household income is constant across periods
(σ = 0), ρ = 0.94. The correlation coefficient remains high when the simulation is extended
to five and ten periods (ρ = 0.95 and ρ = 0.95). When incomes are highly correlated over
time, low income households will hold lower utility asset stocks compared to high income
households regardless of asset stickiness. Holding the number of goods and periods constant,
higher levels of intertemporal income variation are associated with lower rank correlation
coefficients. When income varies over time (σ 6= 0), the five and ten period simulations
are associated with lower rank correlation coefficients. The five asset, ten period simulation
where σ = 0.5 is therefore lower, with ρ = 0.80.

The results for the simulations with more goods and decreasing prices show similar pat-
terns, with lower correlation coefficients associated with higher intertemporal income varia-
tion and longer simulation lengths. Compared to the five good simulation, the correlation
coefficients associated with the fifteen good simulations are higher, ranging from ρ = 0.87
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to ρ = 0.96. Compared to the simulations with constant asset prices, the simulations with
decreasing asset prices are associated with lower correlation coefficients.

Overall, the simulation results indicate that in the absence of asset resale, rankings
generated using asset stocks remain highly correlated with current utility (accounting for
both consumption and asset ownership). Although performance is lower in the presence of
high intertemporal income variability and asset price changes, the correlation coefficients
are still high, with values above 0.80 in the ten and fifteen good simulations. This implies
that asset stocks remain reasonable approximations for current utility when the asset resale
assumption is violated.

Model application: Decomposing poverty

In addition to generating an improved measure of household well-being, the model is valuable
because it has predictive power. Using parameter estimates, I can make projections about
how asset ownership evolves with price and income changes. These projections can be used
to predict how poverty might respond to a particular program or to decompose observed
changes in well-being into price and income effects. In this section, I demonstrate the
predictive power of the model by assessing the extent to which price decreases in Nicaragua
have contributed to improved well-being.

Specifically, I use the parameter estimates to predict the level of poverty in 2005 under
the scenario where income and household size are constant at 1998 levels but prices decrease
to 2005 levels. To do so, I use the measures of expected utility from 1998 to calculate the
1998 income distribution using the unconditional indirect utility functions to map utility
to income. I then project asset ownership under the predicted 1998 income distribution,
observed 1998 household sizes, and the decreased 2005 prices. I calculate the expected
utility associated with the projected asset stocks and use this utility distribution to predict
the new 2005 poverty headcount.

Table 1.10 shows the actual changes in poverty, the predicted changes in poverty as-
sociated with decreased prices, and the fraction of the actual poverty change that can be
accounted for by changing prices. The price decreases from 1998 to 2005 are associated
with increases in asset ownership and corresponding increases in utility. This is true in both
urban and rural areas and at all levels of the distribution, with the exception of the poorest
households. The projected income for the poorest households in 1998 was too low to allow
for any asset purchases even under the lower 2005 prices, causing the predicted 2005 poverty
headcount under the lowest poverty line to remain constant.

Excluding the poverty changes at the highest and lowest poverty lines, on average, the
decrease in prices accounts for about a third of the decrease in poverty in both urban and
rural areas. The additional decreases in poverty that are not accounted for by decreasing
prices are likely due to increases in per capita income and reductions in credit constraints.
This exercise demonstrates the benefits of using a model to characterize asset ownership
using economic theory—it provides additional information on understanding the underlying
causes of measured changes in well-being.
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Performance of traditional asset indices

I turn now to an assessment of traditional asset indices. As discussed above, by drawing
from economic theory, the utility index provides a measure that can be more directly in-
terpreted as capturing household well-being and offers an improvement over existing asset
indices on purely theoretical grounds. Empirically, it also meaningfully incorporates infor-
mation on price, household demographics, and geographical variation that are not currently
exploited by traditional indices. These improvements come at the cost of being computation-
ally intensive, raising the question of whether or not traditional asset indices are sufficient
approximations for well-being. Using the Nicaraguan data, I show that traditional asset
indices are only moderate approximations for well-being, generating weights with little rela-
tionship to marginal utility. Furthermore, poverty and inequality measurements generated
using traditional asset indices are only moderate approximations for findings from the more
complete model with prices, demographics, and geographic variation.

Table 1.11 compares the asset weights derived using the utility index, the inverse fre-
quency method, a standard factor analysis index, and an expanded factor analysis index.
The weights have been rescaled to have a maximum value of one for the purposes of compari-
son. The inverse frequency method generates weights based on the inverse of the population
ownership levels, while the factor analysis index generates weights based on the variance
structure of the underlying data. The 2001 and 2005 inverse frequency and factor analysis
indices are constructed using weights from the 1998 sample. To the extent that the weights
represent marginal utilities, the use of the 1998 weights isolates the effect of changes in
asset ownership under the assumption that the marginal utilities have remained constant.
The weights for the traditional asset indices are generated using the national sample, as the
methods do not allow for urban/rural variation. I construct the first factor analysis index
using data on solely asset ownership, as is standard. In addition, I construct a second factor
analysis index incorporating household size and urban/rural location. Although it is not
clear from theory whether or not the inclusion of such additional information is appropriate
in a statistically generated asset index, I include this index to provide a comparison for the
utility index which does incorporate additional information on demographics and location.

The weights generated using the various methods differ widely and are only moderately
related to the estimated marginal utilities. The inverse frequency index places the highest
weight on VHS players, which are the least common items in the population. Compared to
the utility model, the inverse frequency index places less weight on items such as televisions
which are commonly owned despite the relatively high price and places more weight on items
which are relatively cheap but less common (such as toasters). The standard factor analysis
method on this sample results in low weights for items such as cars, bicycles, and sewing
machines and high weights for items such as blenders, stoves, televisions, and fans. Because
of the lack of theory associated with factor analysis, it is difficult to determine whether the
method creates weights that differ from the utility model in a systematic manner. Compared
to the utility index, factor analysis results in lower variation in the magnitude of weights
since it does not incorporate information on price variation. The corresponding weights
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in the expanded factor analysis index are similar to the weights derived using solely asset
ownership. Household size is associated with a negative weight, while being in an urban area
is associated with a positive weight.

One particular discrepancy of interest involves the factor analysis weight associated with
radios, which is negative. Within the context of Nicaragua, radio ownership decreases with
household consumption, indicating that radios may be inferior goods at higher levels of
income. This may be due to the fact that households substitute towards televisions when they
can afford to do so. If it is the case that there are important substitutes for radios other than
televisions that are not included in the model, the utility index may result in inaccuracies
in classifying households at the higher end of the wealth distribution.10 Although radios
may be inferior goods at higher levels of income and could be excluded from the analysis,
radio ownership provides important discrimination between households at the low end of
the wealth distribution. In this case, the negative factor analysis weight on radios proves
problematic for classifying households at the lower end of the distribution, as households
which own radios are ranked lower than households with no goods according to the factor
analysis index. Thus, although the inclusion of radios may be problematic for both the utility
asset index and the factor analysis index, the negative factor analysis weight is arguably more
concerning given the use of asset indices in identifying the poorest households.

Although it is clear that the weights associated with traditional methods are only weak
approximations for marginal utility, it is possible that the resulting indices may still generate
similar conclusions about the ultimate measures of interest. I show that this is not the
case—the poverty and inequality statistics generated using traditional asset indices are only
moderate approximations for the findings which directly account for household preferences.
Table 1.12 shows the poverty changes and rural/urban poverty headcount ratios using the
set of traditional indices explored above.

Compared to the utility index results shown in Table 1.5, the inverse frequency index
and standard factor analysis index also show that poverty has been decreasing across the
distribution and in rural and urban areas. There are substantial discrepancies in the mag-
nitudes of the changes, though. The utility index, which accounts for prices and household
preferences, shows a 56% decrease in poverty for the national sample over the time period
using the 10% relative poverty line. In contrast, the inverse frequency and standard factor
analysis indices show decreases of 63% and 22%, respectively. Moreover, the expanded fac-
tor analysis index incorrectly shows that poverty has increased by 11% due to the negative
weights associated with radios and the large increase in radio ownership. Comparing across
the various poverty lines, the discrepancies in poverty changes continue to be relatively large
for the national, urban, and rural samples at the lower poverty lines, indicating again that
the traditional asset indices are only moderate approximations for a more extensive model
of household wealth.

10Questions on CD player ownership are included in the 2005 survey but are excluded from the earlier
rounds. Ownership of CD players is under 4% in 2005 and unlikely to fully account for the decrease in radio
ownership at higher wealth levels.
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As an aside, because urban households receive a positive weight under the expanded
factor analysis index, the urban poverty headcount associated with the expanded factor
analysis index is 0 under the 10% and 20% relative poverty lines. The respective changes in
urban poverty are therefore undefined.

The bottom panel of Table 1.12 shows the rural/urban poverty headcount ratios using the
traditional indices. Although the traditional indices also show that poverty is highly rural,
the measured levels of inequality differ from the findings using the utility index. For example,
the utility index shows that under the 10% 1998 relative poverty line, rural poverty in 2005
is 5.24 times as high as urban poverty, while the ratios found using the inverse frequency
and standard factor analysis indices are 3.82 and 9.10, respectively. The factor analysis
bias against rural households is due in part to the large increase in radio ownership which
occurred disproportionately in rural areas. Again, the rural/urban headcount ratios are
undefined at the lower poverty lines using the expanded factor analysis index due to the zero
urban poverty headcount.

Finally, asset indices are also used for proxy-means targeting, to identify the poorest
households for the purpose of targeting program benefits. I demonstrate that the traditional
asset indices often classify households into groups which differ substantially from the more
theoretically valid measure of well-being captured by the utility index. When comparing
the resulting ranks associated with the different methods, the correlations are high, with
rank correlation coefficients of 0.95, 0.91, and 0.91 between the utiliy index and the inverse
frequency index, the standard factor analysis index and the expanded factor analysis index,
respectively. This statistic masks variations in rankings which are important in classifying
households into different groups.

Table 1.13 shows how well the deciles groupings created using the different asset indices
correspond to those created using the utility model. Between 34 and 45% of households are
categorized in the matching utility index decile using the traditional asset indices, and similar
fractions of the sample (40-48%) are classified in deciles which differ from the corresponding
utility index groupings by one decile. Discrepancies of two or more deciles compared to the
utility index groupings exist for over 10% of the sample for all of the traditional indices.
This shows that targeting errors are potentially very large when using methods without a
clear economic meaning.

Together, the results indicate that traditional asset indices are not only unable to cap-
ture household preference parameters of interest, they are also somewhat weak proxies for
household well-being when considering practical applications of such indices.

Distinctions between asset indices and consumption measures

Finally, I discuss and demonstrate the distinctions between asset indices and standard con-
sumption measures. Although many asset indices originally arose as cheaper alternatives
to consumption expenditure measures (Filmer and Pritchett 2001), the two measures differ
in the temporal aspects of well-being that they capture. The reasons for these differences,
which I discuss below, suggest that consumption aggregates may not be the appropriate
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benchmark for asset indices as substantive discrepancies will exist between the measures
even when they are perfectly constructed.

The primary difference between consumption aggregates and asset measures is due to the
fact that consumption is a flow which occurs each period while assets are a stock generally
accrued over multiple periods. Carefully constructed consumption measures include the
value of durables purchased this period and often include an imputed measure of the value
of services (such as housing) received this period. They do not commonly include the total
value of assets brought into the period. In this way, consumption aggregates capture a
measure of contemporaneous well-being. In contrast, asset measures are constructed using
assets which households have purchased both in this period and in all previous periods.
They therefore represent accrued wealth, a longer term sense of economic well-being. The
discrepancy between consumption and discrete good ownership may be a measure of current
shocks to households and has been used to determine whether local government targeting
can better identify households facing negative shocks (Alderman 2002). In this way, the
consumption aggregates and asset indices capture slightly different temporal dimensions of
well-being and should be discussed with these differences in mind.11

I demonstrate these differences empirically by comparing the poverty inferences found us-
ing per capita consumption with the analogous results using the utility index. Household per
capita consumption measures are constructed using expenditure data on food, non-durables,
durables, and housing. Non-durables expenditures include expenditures on household sup-
plies, transportation, communication, clothing, and education. Expenditure on durables
captures expenditure on housing improvements and purchases of furniture, appliances, and
vehicles this period. Housing expenditure is given by reported rental values or estimated
rental values if the housing is owned. As with the values of owned durable goods, con-
sumption values are deflated into 1998 Nicaraguan cordobas using household consumption
levels from the World Development Indicators. Per capita adjustments are done using raw
household sizes where each child is treated as one adult equivalent. Table 1.14 shows an-
nual per capita consumption levels by category and in aggregate. Nicaraguan households
spend almost two-thirds of their yearly expenditure on food, slightly less than a third on
non-durable purchases, and relatively small fractions on durables and housing. Although
average household expenditure showed a small increase from 1998 to 2001, the period from
2001 to 2005 was associated with a decrease in average household expenditure. This trend
is seen in all categories except for housing, which saw an increase in spending across both
time periods.

Using the three rounds of data, I first assess the correlation between the consumption
aggregate and the utility index. The Spearman rank correlation coefficients are presented in

11The distinctions between asset indices and consumption aggregates have been demonstrated in existing
empirical work. While some studies find that asset indices correspond reasonably to per capita expenditure
(Ferguson et al. 2003; Filmer and Pritchett 2001; Montgomery and Hewett 2005; Morris et al. 2000) recent
reviews caution that asset-based measures are relatively weak proxies for consumption expenditure (Howe
et al. 2009) and are more strongly associated with particular expenditure subcomponents such as non-food
items (Filmer and Scott 2012).
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the last row of Table 1.15. Per capita consumption is moderately correlated with the utility
index, with rank correlation coefficients ranging from 0.54 to 0.59. The correlations within
urban and rural areas are lower, ranging from 0.52 to 0.53 in urban areas and from 0.37 to
0.40 in rural areas.

Although there is moderate correspondence between the two measures within each survey,
the trends in poverty differ drastically. The poverty headcounts associated with per capita
expenditure are shown in the top of Table 1.15. As with the asset indices, the poverty
lines are determined relative to the 1998 population distribution. The gains in household
consumption from 1998 to 2001 benefitted households at the moderate to high end of the
consumption distribution, with slight decreases in the poverty headcount for poverty lines at
40% and above. Slight increases in poverty headcounts are seen at the lowest poverty lines.
From 2001 to 2005, poverty headcounts increased across the distribution with increases of 2
to 5.5 percentage points above 1998 levels depending on the poverty line.12

Partitioning the sample by urban and rural areas, both the consumption and utility
measures show that poverty is highly rural. The utility index shows higher rates of rural
poverty in 1998 compared to the per capita consumption measure for all poverty lines except
for the 20% line. The consumption poverty trends within the rural population show a
consistent increase in poverty across the time period, while poverty decreased moderately
in urban areas from 1998 to 2001 before returning to 1998 levels in 2005. The consumption
poverty trends stand in stark contrast to the changes seen using asset indices. Although per
capita consumption was stagnant and then decreasing over the time period, there were large
improvements in household well-being according to asset ownership.

Although theory does not preclude consumption and asset measures from being more
similar, these findings underscore the important differences between asset and expenditure
measures. It also demonstrates how the use of the two measures in conjunction can generate
a more complete understanding of changes in different temporal dimensions of well-being.

1.5 Discussion

This paper demonstrates how asset information can be used to create a measure of household
well-being in a manner that is consistent with household demand for assets. The introduc-
tion of a theoretical model marks one important step in developing an index which can be
meaningfully interpreted, but substantive issues remain.

One outstanding issue is the choice of assets to include in an index. This analysis focused
on durable goods such as electronics, vehicles, and other appliances but failed to incorporate

12It is important to note that consumption-based poverty headcounts are sensitive to the categories in-
cluded into total consumption as well as the use of different price deflators. The estimates presented are
based on consumption aggregates constructed by the author. Trends in poverty provided using the pre-
constructed LSMS consumption aggregates and poverty headcounts are relatively similar. Extreme poverty
rates changed from 12.2% to 11.0% to 12.3%, while general poverty rates changed from 39.0% to 37.0%
39.2%.
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any information on financial assets which are increasing in importance and availability in
developing country contexts. In addition, assets such as land, livestock, and housing may
be important for differentiating between households in developing countries. Information on
these assets is included in many surveys, but their inclusion in an asset index will require
further work to address the additional intricacies associated with durable assets which I have
not explored in this paper.

As mentioned in the background section, market imperfections introduce a layer of com-
plexity to the issue of estimating demand for durable assets. In addition to missing resale
markets, there are market issues associated with asset prices. Current asset values may be
difficult to measure when households have minimal experience with resale. Price measure-
ment for demand estimation is also complicated by the issue of endogeneity. Although it
is reasonable to assume that prices are exogenous to a given household, aggregate demand
affects equilibrium prices. The bias on the resulting marginal utility estimates is unclear.
This can be addressed in future work by using instruments for price which capture supply-
side factors. Furthermore, prices are not a good indicator of the true market value of certain
assets. For instance, assets such as land are subject to complex issues such as inheritance
and regulations. Again, this may lead to biased marginal utility estimates.

Other market complexities include the existence of asset distribution programs and dy-
namics associated with information diffusion. Many governments and non-governmental
organizations have programs which subsidize and distribute assets such as toilets, televi-
sions, and housing improvements. This will lead to incorrect marginal utility estimates since
free or highly subsidized distribution causes assets to appear more highly demanded than
they truly are. Conversely, recent introduction of assets may result in underestimation of the
marginal utilities associated with new assets. This will occur when households are not fully
aware of the features of new assets and therefore choose not to purchase them even though
they have a high value for the services provided by the new assets. Researchers measuring
well-being in either of these scenarios should consider these issues when applying any asset
indices.

In addition to these general issues, I discuss the specification limitations associated with
my model. I parameterize utility using certain simplifying assumptions which are arguably
restrictive. First, I assume that there are no complementaries between different assets. This
assumption can be relaxed by specifying marginal utilities for each asset which enter in
multiplicatively. Complementarities can also be allowed by estimating the marginal utility
associated with each bundle as opposed to each asset. Second, I assume that the marginal
utilities associated with each asset are independent of household size. Though this assump-
tion may be reasonable for most of the included assets, it may not be reasonable for all.
This can be addressed by allowing the marginal utilities of each asset to vary with house-
hold size.13 Third, I assume that average household preferences are constant across urban

13These proposed modifications have not been implemented at this time due to limits in computational
capacity. The maximum likelihood estimation is particularly computationally intensive due to the large set
(2J) of available bundles.
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and rural areas and over time. Additional work is necessary to allow for heterogeneous
preferences.

Despite the limitations of the model, the introduction of a theoretical model continues
to offer an improvement over the traditional asset indices. Compared to the traditional
methods, the assumptions of the model are explicit and can therefore be addressed and
changed as appropriate. With the model, the “weight” (marginal utility) of each good can
be interpreted as the relative benefit afforded to households by the good, and the utility
index can be interpreted as the expected utility of each household conditional on prices,
bundle ownership, and household size. The introduction of a theoretical model also allows
researchers to simulate how well-being would change with changes in income, price, and
household demographics. Such simulations can help to identify the underlying causes of
observed changes in well-being and are not possible without a well-formed theoretical model.

The empirical analyses in this paper which compare the traditional asset indices to the
utility asset index indicate that household rankings do indeed depend on the method used.
The discrepancies in quantiles within a survey and trends across surveys underscore the need
for caution in using traditional indices, particularly for use in proxy-means targeting and
poverty monitoring. The analogous comparisons with per capita expenditure again high-
light the need for caution when using asset indices as proxies for consumption expenditure.
Because asset ownership and expenditure capture different temporal concepts of well-being,
they may only be weakly related and may result in substantive differences in poverty assess-
ments, as shown in the Nicaraguan case.

Additional implications for researchers include the importance of collecting asset price
information for durable goods. Basic economics suggests that prices are critical pieces of
information in determining household purchases, and the empirical estimates show that
prices are strong indicators for the utility benefits associated with a good. Thus, meaningful
asset indices should incorporate such information. Although prices are currently not collected
in instruments such as the DHS, the marginal costs of collecting this additional data should
be relatively low given a concise set of relevant durable goods and the potential to collect
the information at the community level.

In conclusion, this paper demontrates the potential for a theoretically driven asset index
to be used as a tool for monitoring poverty and suggests some avenues for continued work
in improving measures of well-being.
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1.6 Figures and Tables

Figure 1.1: Model illustration: Indirect utility functions for two discrete assets

The solutions are shown in the case where the more expensive asset provides more marginal utility, but this
is not required to be the case in the model.
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Figure 1.2: Model illustration: Optimal bundles as a function of income

The solutions are shown in the case where the more expensive asset provides more marginal utility, but this
is not required to be the case in the model.



CHAPTER 1. UTILITY INDEX 32

Table 1.1: Summary statistics: asset ownership

Real price Population ownership level
1998 cordobas Urban areas Rural areas

(Pooled average) 1998 2001 2005 1998 2001 2005

Iron 93 0.80 0.81 0.84 0.38 0.35 0.33
Radio 100 0.29 0.28 0.29 0.34 0.50 0.62
Fan 113 0.49 0.49 0.55 0.11 0.11 0.12
Blender 166 0.40 0.39 0.46 0.06 0.07 0.09
Toaster 178 0.08 0.09 0.08 0.01 0.00 0.01
Bike 392 0.30 0.35 0.37 0.19 0.27 0.29
Sewing machine 626 0.18 0.14 0.17 0.08 0.07 0.08
Stove 686 0.52 0.57 0.68 0.10 0.11 0.11
VHS 968 0.07 0.09 0.07 0.01 0.01 0.01
TV 1166 0.75 0.77 0.86 0.29 0.31 0.36
Fridge 2288 0.29 0.30 0.40 0.07 0.06 0.09
Car 38196 0.08 0.08 0.10 0.02 0.02 0.02

Notes: Average prices are calculated using pooled data from 1998, 2001, and 2005 national
samples. Nationally representative sampling weights are applied.
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Table 1.2: Utility model estimation and spatial and geographical price variation

Population Real price: 1998 cordobas Marginal utility
ownership Urban areas Rural areas estimates

level 1998 cordobas
(Pooled) 1998 2001 2005 1998 2001 2005 ψ̄∗ σ∗

Iron 0.62 105 100 90 79 82 73 132 64
Radio 0.37 137 106 76 107 108 80 106 12
Fan 0.34 124 118 102 122 108 96 132 18
Blender 0.27 186 177 140 177 176 162 184 31
Toaster 0.05 204 191 138 211 177 165 68 19
Bike 0.31 471 382 371 429 391 350 365 53
Sewing machine 0.13 817 631 514 705 533 517 505 145
Stove 0.38 801 764 562 579 758 531 716 146
VHS 0.05 1408 1037 438 1916 1427 646 403 46
TV 0.59 1286 1386 1190 680 742 720 2346 1571
Fridge 0.22 2868 2399 1886 2456 2252 1877 2887 1567
Car 0.06 35781 49767 35760 30331 30447 26563 5276 2357

Subsistence φ∗ 172

Notes: Prices are calculated as the average value of the assets as reported by households. Sample statistics
and model estimation are done using nationally representative sampling weights. Average ownership levels are
calculated using pooled data from 1998, 2001, and 2005 national samples.
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Table 1.3: Utility index rankings and comparisons with price rankings: Selected bundles

Average utility
Own. Price rank index rank

Bundle Level 1998 2001 2005 1998 2001 2005
Iron 0.0308 141 131 124 109 86 101
Fan 0.0028 194 189 137 127 122 141
Radio 0.1258 195 146 79 168 148 184
Iron, Radio 0.0274 278 258 210 249 243 251
Bike 0.0150 393 326 324 344 338 347
Iron, Fan, Radio, Bike 0.0007 746 633 567 593 592 592
Stove 0.0025 715 683 481 634 637 640
Stove, Radio 0.0013 819 770 565 688 686 688
Iron, Bike, Sewing machine 0.0015 1234 936 853 766 761 760
Stove, Bike 0.0013 1097 975 817 823 818 820
Iron, Stove, Fan, Bike 0.0007 1330 1185 944 861 859 856
Iron, Stove, Fan, Bike, Sew. 0.0002 2063 1812 1442 911 911 909
TV 0.0166 1112 1209 1019 944 945 948
Iron, TV, Fan, Blender 0.0030 1503 1597 1352 1250 1248 1250
Fridge 0.0003 2491 2152 1698 1446 1426 1429
Iron, TV, Radio, Bike 0.0114 1820 1778 1534 1509 1494 1499

Notes: Average ownership levels are calculated using pooled data from 1998, 2001, and 2005
national samples. Price ranks are calculated using the total monetary value of bundles in 1998
cordobas. Utility index rankings are averaged over national samples; variation by urban/rural
location and household size is not shown.
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Table 1.4: Poverty headcount using utility index

Poverty headcount
1998 National Urban Rural
Relative sample areas areas
poverty line 1998 2001 2005 1998 2001 2005 1998 2001 2005
10% 0.09 0.06 0.04 0.04 0.03 0.02 0.17 0.12 0.08
20% 0.20 0.11 0.07 0.10 0.06 0.04 0.33 0.20 0.13
30% 0.30 0.25 0.19 0.14 0.11 0.06 0.51 0.47 0.37
40% 0.40 0.35 0.30 0.20 0.18 0.10 0.66 0.64 0.59
50% 0.50 0.46 0.38 0.30 0.29 0.17 0.76 0.74 0.68
60% 0.60 0.56 0.48 0.41 0.38 0.26 0.84 0.83 0.79
70% 0.70 0.66 0.60 0.55 0.52 0.41 0.90 0.89 0.86
80% 0.80 0.79 0.72 0.70 0.70 0.59 0.93 0.93 0.91
90% 0.90 0.90 0.89 0.84 0.86 0.83 0.97 0.97 0.97

Notes: The X% 1998 relative poverty line is determined by the index threshold classifying
the bottom X% of the 1998 national sample as poor.

Table 1.5: Changes in poverty and rural/urban poverty headcount ratios: Utility index

1998 % change in poverty Rural/urban poverty
Relative 1998-2005 headcount ratio
poverty National Urban Rural
line Sample Areas Areas 1998 2001 2005
10% -0.56 -0.62 -0.52 4.14 4.52 5.24
20% -0.63 -0.65 -0.61 3.25 3.12 3.59
30% -0.37 -0.59 -0.27 3.53 4.13 6.36
40% -0.24 -0.51 -0.11 3.33 3.60 6.09
50% -0.23 -0.43 -0.10 2.51 2.58 3.96
60% -0.20 -0.37 -0.07 2.03 2.17 3.03
70% -0.15 -0.25 -0.05 1.66 1.71 2.11
80% -0.10 -0.16 -0.03 1.34 1.34 1.55
90% -0.01 -0.01 -0.01 1.15 1.13 1.16

Notes: The X% 1998 relative poverty line is determined by the index
threshold classifying the bottom X% of the 1998 national sample as poor.
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Table 1.6: Model performance: Asset ownership predictions–Fraction of sample

Urban areas
1998 2001 2005

xpredicted − x = xpredicted − x = xpredicted − x =
Asset name 1 0 -1 1 0 -1 1 0 -1

Iron 0.15 0.75 0.07 0.17 0.80 0.03 0.13 0.83 0.04
Radio 0.29 0.55 0.14 0.47 0.41 0.12 0.61 0.34 0.05
Fan 0.30 0.59 0.09 0.39 0.56 0.05 0.34 0.61 0.05
Blender 0.37 0.55 0.06 0.43 0.52 0.05 0.43 0.54 0.02
Toaster 0.16 0.78 0.03 0.28 0.70 0.02 0.50 0.49 0.01
Bike 0.27 0.58 0.13 0.43 0.46 0.11 0.40 0.49 0.11
Sew. mach. 0.23 0.66 0.09 0.36 0.59 0.05 0.51 0.45 0.03
Stove 0.23 0.64 0.11 0.22 0.69 0.09 0.24 0.71 0.05
VHS 0.13 0.82 0.02 0.26 0.72 0.02 0.55 0.44 0.01
TV 0.11 0.76 0.11 0.14 0.80 0.06 0.10 0.87 0.03
Fridge 0.18 0.72 0.07 0.30 0.65 0.04 0.39 0.58 0.03
Car 0.00 0.91 0.06 0.00 0.94 0.06 0.00 0.93 0.06

Rural areas
1998 2001 2005

xpredicted − x = xpredicted − x = xpredicted − x =
Asset name 1 0 -1 1 0 -1 1 0 -1

Iron 0.44 0.50 0.06 0.52 0.45 0.03 0.56 0.43 0.01
Radio 0.23 0.55 0.21 0.21 0.48 0.31 0.21 0.49 0.30
Fan 0.46 0.49 0.04 0.65 0.35 0.01 0.63 0.36 0.01
Blender 0.44 0.53 0.02 0.48 0.51 0.01 0.48 0.51 0.01
Toaster 0.08 0.91 0.00 0.11 0.89 0.00 0.21 0.79 0.00
Bike 0.16 0.72 0.11 0.24 0.62 0.14 0.25 0.63 0.12
Sew. mach. 0.14 0.80 0.05 0.30 0.67 0.03 0.30 0.66 0.04
Stove 0.39 0.58 0.02 0.26 0.71 0.04 0.56 0.43 0.01
VHS 0.04 0.95 0.00 0.07 0.93 0.00 0.21 0.79 0.00
TV 0.39 0.57 0.03 0.43 0.54 0.03 0.47 0.51 0.02
Fridge 0.16 0.81 0.02 0.24 0.74 0.02 0.35 0.64 0.01
Car 0.00 0.97 0.02 0.00 0.98 0.02 0.00 0.98 0.02

Notes: Predictions done using model estimates and household current wealth,
measured as sum of asset stock values and annual consumption.
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Table 1.7: Flexibility of asset stocks: Asset divestitures (panel households)

Fraction of households selling/discarding item over time
Durables of any age Newer durables (< 2 years old)

Urban areas Rural areas Urban areas Rural areas
’98-’01 ’01-’05 ’98-’01 ’01-’05 ’98-’01 ’01-’05 ’98-’01 ’01-’05

Iron 0.09 0.08 0.43 0.34 0.07 0.08 0.38 0.31
Radio 0.64 0.56 0.34 0.22 0.60 0.52 0.31 0.21
Fan 0.28 0.25 0.42 0.39 0.26 0.26 0.37 0.47
Blender 0.29 0.25 0.45 0.33 0.32 0.25 0.45 0.36
Toaster 0.62 0.73 0.75 0.40 0.67 0.65 1.00 0.00
Bike 0.40 0.39 0.29 0.31 0.40 0.41 0.32 0.34
Sew. Mach. 0.53 0.55 0.63 0.55 0.50 0.50 0.85 0.90
Stove 0.11 0.10 0.33 0.37 0.15 0.15 0.37 0.39
VHS 0.42 0.79 0.67 0.75 0.50 0.78 1.00 1.00
TV 0.08 0.05 0.18 0.16 0.07 0.04 0.15 0.23
Fridge 0.32 0.23 0.46 0.34 0.30 0.24 0.43 0.38
Car 0.57 0.48 0.41 0.44 0.63 0.78 0.60 0.67

Notes: The denominator of each column is the sample of households in urban/rural areas which re-
port item ownership in the earlier wave. Degenerate rates of divestiture for newer toasters and VHS
players in rural areas is due to very low base ownership.
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Table 1.8: Model validity without asset resale: Simulation parameters

Marginal
Price utility (ψ) 6 assets 10 assets 15 assets

Asset 1 50 52 X
Asset 2 79 82 X X X
Asset 3 90 95 X
Asset 4 107 104 X X X
Asset 5 122 95 X X X
Asset 6 150 160 X
Asset 7 177 142 X X
Asset 8 211 62 X X
Asset 9 429 368 X X X
Asset 10 579 724 X X X
Asset 11 680 2440 X X X
Asset 12 705 512 X X
Asset 13 1916 406 X X
Asset 14 2456 2935 X
Asset 15 30331 9358 X
φ=164
Base income distributionyt ∼ lnN(0, 3769)

Notes: The prices and marginal utility parameters are taken from the empir-
ical model estimates for Nicaragua, with the exception of the assets priced
at 52, 95, and 150.
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Table 1.9: Model validity without asset resale: Simulation results

Rank correlation coefficient: True utility
versus expected utility based on asset ownership

Income 5 assets 10 assets 15 assets
variation No. of periods No. of periods No. of periods

(sd) 2 5 10 2 5 10 2 5 10
Constant 0.00 0.94 0.95 0.95 0.95 0.96 0.96 0.96 0.96 0.96
asset prices 0.10 0.95 0.94 0.94 0.95 0.95 0.95 0.96 0.96 0.96

0.20 0.94 0.93 0.92 0.95 0.95 0.94 0.94 0.96 0.95
0.50 0.90 0.84 0.80 0.91 0.87 0.83 0.93 0.89 0.87

Decreasing 0.00 0.94 0.94 0.91 0.96 0.96 0.94 0.96 0.96 0.95
asset prices 0.10 0.94 0.94 0.90 0.95 0.96 0.94 0.96 0.96 0.95
(-5% per period) 0.20 0.94 0.92 0.88 0.95 0.95 0.93 0.95 0.96 0.94

0.50 0.89 0.83 0.75 0.91 0.87 0.81 0.92 0.89 0.85

Notes: The two period simulation allows half the households to live for one period and half the house-
holds to live for two periods; the five period simulation allows one fifth of the households to live for one
period, one fifth of the households to live for two periods, etc. Households are endowed with a mean in-
come; income each period is drawn from a normal distribution with a mean equal to the mean household
endowment and a standard deviation equal to a fraction of the mean endowment.

Table 1.10: Predicted poverty changes associated with decreasing prices

Poverty changes from 1998-2005
Urban areas Rural areas

1998 Actual Predicted Estimated Actual Predicted Estimated
Relative change change fraction of change change fraction of
poverty in using change due to in using change due to
line poverty lower prices lower prices poverty lower prices lower prices
10% -0.025 0.000 0.00 -0.086 0.000 0.00
20% -0.065 -0.010 0.15 -0.200 -0.030 0.15
30% -0.085 -0.030 0.35 -0.135 -0.161 1.19
40% -0.102 -0.012 0.12 -0.071 -0.034 0.48
50% -0.130 -0.070 0.54 -0.078 -0.016 0.21
60% -0.154 -0.041 0.26 -0.056 -0.010 0.17
70% -0.138 -0.107 0.77 -0.043 -0.001 0.01
80% -0.112 -0.041 0.37 -0.026 -0.003 0.11
90% -0.011 -0.139 12.13 -0.008 -0.015 1.97

Notes: The X% 1998 relative poverty line is determined by the index threshold classifying the bottom X% of
the 1998 national sample as poor. Poverty predictions for 2005 are generated by predicting asset ownership
using the inferred income distribution from 1998, observed household size in 1998, and 2005 prices.
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Table 1.11: Traditional asset index weights: Comparisons with utility index

Scaled Weights
Population Avg. price Utility Inverse Factor Factor
ownership (pooled) index frequency analysis analysis

level 1998 index index index
(pooled) cordobas (expanded)

Iron 0.62 93 0.01 0.07 0.84 0.87
Radio 0.37 100 0.01 0.14 -0.05 -0.06
Fan 0.34 113 0.01 0.13 0.93 0.94
Blender 0.27 166 0.02 0.17 1.00 1.00
Toaster 0.05 178 0.01 0.85 0.56 0.55
Bike 0.31 392 0.04 0.17 0.49 0.49
Sewing machine 0.13 626 0.05 0.33 0.55 0.54
Stove 0.38 686 0.08 0.13 0.98 1.00
VHS 0.05 968 0.04 1.00 0.57 0.56
TV 0.59 1166 0.26 0.08 0.93 0.95
Fridge 0.22 2288 0.31 0.23 0.89 0.88
Car 0.06 38196 1.00 0.79 0.53 0.52
Household size -0.09
Urban 0.74

Notes: Parameters (weights) from each method are scaled to give a maximum of 1. The inverse frequency
method uses the inverse of population ownership levels as weights. Factor analysis uses the variance
structure of the data to derive weights statistically. Weights for the inverse frequency and factor analysis
indices are calculated using the 1998 national sample and then applied to the 2001 and 2005 samples.
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Table 1.12: Changes in poverty and rural/urban headcount ratios: Traditional asset indices

% change in poverty: 1998-2005
1998 Inverse frequency Factor analysis Expanded
relative index index factor analysis
poverty index
line Full Urban Rural Full Urban Rural Full Urban Rural
10% -0.63 -0.65 -0.60 -0.22 -0.58 -0.07 0.11 NaN 0.15
20% -0.63 -0.62 -0.63 -0.22 -0.58 -0.07 -0.10 NaN -0.07
30% -0.28 -0.53 -0.15 -0.16 -0.52 -0.01 -0.15 -0.58 0.00
40% -0.29 -0.49 -0.17 -0.18 -0.45 -0.04 -0.20 -0.55 -0.05
50% -0.24 -0.35 -0.15 -0.18 -0.37 -0.05 -0.16 -0.38 -0.04
60% -0.18 -0.27 -0.09 -0.16 -0.32 -0.04 -0.14 -0.31 -0.02
70% -0.14 -0.20 -0.06 -0.12 -0.22 -0.03 -0.13 -0.23 -0.03
80% -0.09 -0.12 -0.03 -0.09 -0.13 -0.02 -0.08 -0.14 -0.01
90% -0.02 -0.03 -0.01 -0.03 -0.04 0.00 -0.03 -0.04 0.00

Rural/urban poverty headcount ratio
1998 Inverse frequency Factor analysis Expanded
relative index index factor analysis
poverty index
line 1998 2001 2005 1998 2001 2005 1998 2001 2005
10% 3.40 3.77 3.82 4.10 5.41 9.10 NaN NaN NaN
20% 3.02 2.76 2.93 4.10 5.41 9.10 NaN NaN NaN
30% 3.38 3.85 6.13 3.95 4.85 8.21 4.71 6.54 11.20
40% 2.70 2.89 4.37 3.38 3.81 5.85 4.20 4.86 8.79
50% 2.23 2.26 2.90 2.64 2.73 3.99 3.54 3.67 5.46
60% 1.98 1.89 2.47 2.15 2.26 3.02 2.37 2.46 3.37
70% 1.65 1.66 1.96 1.68 1.69 2.08 1.82 1.83 2.31
80% 1.38 1.39 1.53 1.43 1.44 1.61 1.45 1.48 1.66
90% 1.17 1.18 1.20 1.16 1.17 1.21 1.18 1.19 1.23

Notes: The X% 1998 relative poverty line is determined by the threshold of the respective index
classifying the bottom X% of the 1998 national sample as poor. The inverse frequency method
uses the inverse of population ownership levels as weights. Factor analysis uses the variance
structure of the data to derive weights statistically. The expanded factor analysis index includes
information on household size and urban/rural location. Weights for the inverse frequency and
factor analysis indices are calculated using the 1998 national sample and then applied to the
2001 and 2005 samples. The NaN results using the expanded factor analysis index are due to a
0% poverty headcount in urban areas.
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Table 1.13: Decile comparisons with utility index classification

Fraction of population
Decile Inverse Factor Expanded
difference frequency index analysis index factor analysis

index
Same decile 0.433 0.344 0.369
1 decile difference 0.421 0.483 0.456
2 decile difference 0.101 0.156 0.158
3 decile difference 0.035 0.008 0.007
4 decile difference 0.004 0.004 0.004
5 decile difference 0.001 0.001 0.001
6 decile difference 0.000 0.001 0.001

Notes: Decile groupings classify the bottom 10% of the sample according to the respective index
in the lowest decile, the next 10% of the sample in the second decile, and so on. The sample is
pooled across the 1998, 2001, and 2005 national data. The inverse frequency method uses the
inverse of population ownership levels as weights. Factor analysis uses the variance structure of
the data to derive weights statistically. The expanded factor analysis index includes information
on household size and urban/rural location. Weights for the inverse frequency and factor analy-
sis indices are calculated using the 1998 national sample and then applied to the 2001 and 2005
samples.

Table 1.14: Annual household per capita consumption expenditure (1998 cordobas)

Year 1998 2001 2005
Total expenditure 6,175 6,203 5,366

(7,893) (7,728) (5,604)

Food expenditure 4,031 3,800 3,181
(5,172) (3,518) (2,436)

Non-durables expenditure 1,667 1,895 1,732
(3,182) (3,678) (2,992)

Durables expenditure 347 363 305
(2,014) (2,286) (1,165)

Housing expenditure 129 145 149
(341) (376) (293)

Notes: Education expenditure is included in the non-durables cat-
egory. Housing expenditure is calculated using rental values or es-
timated rental values if housing is owned.
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Table 1.15: Changes in poverty using consumption; Correlations between consumption and
utility index

1998 Poverty headcount: Per capita consumption
relative Full sample Urban areas Rural areas
poverty
line 1998 2001 2005 1998 2001 2005 1998 2001 2005
10% 0.100 0.111 0.138 0.051 0.044 0.050 0.165 0.217 0.261
20% 0.200 0.209 0.250 0.119 0.100 0.116 0.306 0.384 0.439
30% 0.300 0.305 0.355 0.191 0.174 0.195 0.443 0.517 0.581
40% 0.400 0.391 0.441 0.283 0.255 0.279 0.553 0.612 0.670
50% 0.500 0.497 0.534 0.376 0.355 0.377 0.662 0.725 0.758
60% 0.600 0.599 0.640 0.490 0.465 0.500 0.744 0.814 0.842
70% 0.701 0.689 0.729 0.596 0.574 0.616 0.838 0.875 0.891
80% 0.800 0.790 0.836 0.718 0.705 0.759 0.908 0.927 0.948
90% 0.900 0.897 0.920 0.848 0.849 0.881 0.967 0.976 0.977

Correlation with utility index (Spearman rank correlation coefficient)
Full sample Urban areas Rural areas

1998 2001 2005 1998 2001 2005 1998 2001 2005
Correlation 0.543 0.576 0.587 0.528 0.519 0.522 0.369 0.381 0.399

Notes: The X% 1998 relative poverty line is determined by the consumption threshold classifying the
bottom X% of the 1998 national sample as poor.



44

Chapter 2

Consumption Proxies

Proxying for household expenditure using dichotomous variables: A comparison
of wealth indices in five African countries

Joint work with Luc Christiaensen1

The utility index developed in the first chapter presents a method for measuring long
run economic well-being but was shown to differ both theoretically and empirically from the
standard consumption aggregate that is typically used to measure short run welfare. Thus,
although the utility index provides a more theoretically compelling method for capturing long
run well-being, there is still a need to develop less costly measures of short run welfare. In
this chapter, we use an empirical analysis of a set of Living Standards Measurement Surveys
(LSMS) to assess various poverty measurement strategies across multiple applications. In
this work, we focus specifically on measures constructed using dichotomous indicators for
durable goods ownership, housing quality, and household expenditures.

Using data from multiple survey rounds in Ghana, Tanzania, Uganda, Rwanda, and
Malawi, we compare indices along two dimensions of variation-index construction method
and item choice. We assess three methods of index construction-using variable weights
equal to the inverse of the mean population indicator level, deriving weights from principal
components analysis (PCA), and estimating weights using a latent variable model referred to
as the threshold method. We also generate indices using 20 different sets of variables chosen
from the categories of staple foods, non-staple foods, semi-durables, housing variables, and
durable goods, as well as subsets and combinations of these categories.

After generating the indices, we evaluate their performance against a benchmark of house-
hold per capita expenditure according to three criteria: rank correlation coefficients, sen-
sitivity to identifying poor households, and accuracy of classifying households as poor or
non-poor. In the countries we look at, the assessed wealth indices are moderate proxies
for per capita expenditure, with rank correlation coefficients ranging between 0.45 and 0.71

1Senior Economist, World Bank Africa Region
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within the national samples. When we measure poverty across various poverty lines, the
various wealth indices are better able to identify poor households at higher levels of poverty.

Comparing the indices across the two dimensions of construction method and variable
inclusion, we find that index performance is generally insensitive to construction method.
This result is consistent across the various countries and the multiple criteria considered.
Although the cross-country meta-analysis identifies PCA as the highest performing method,
on average, the differences between construction methods are small according to the assessed
criteria. When comparing indices generated using different sets of variables, we find that
indices generated using a combination of variables from the five categories of staple foods,
non-staple foods, semi-durables, housing variables, and durable goods tend to perform well
across multiple criteria, though other variable groups sometimes dominate depending on the
application.

We also perform additional analyses to assess index performance within urban and rural
subpopulations and in applications using samples pooled across repeated cross-sections. In
addition to assessing various construction methods and variable inclusion groups, we exam-
ine whether or not indices generated using subsample weights offer improved performance
over indices generated using pooled sample weights. We find that the wealth indices con-
tinue to moderately proxy for per capita expenditure within rural and urban subsamples
but to a lesser extent than in national samples. Indices constructed using national weights
perform similarly to or better than indices constructed using within subsample weights. The
combination of variables from the five categories continues to perform well in the subsample
analyses. The wealth indices are also moderate proxies for per capita expenditure when ap-
plied to pooled cross-sectional samples, and there appears to be no difference between indices
generated using weights derived from pooled cross-sectional samples and indices generated
from weights derived from the initial wave and applied to subsequent waves.

The rest of the paper proceeds as follows. Section 2.1 presents a review of prior work on
wealth indices generated from dichotomous variables. We discuss the analytical strategy for
assessing wealth indices in Section 2.2. Sections 2.3 and 2.4 present the data and results,
and Section 2.5 concludes.

2.1 Background

The growing interest in poverty monitoring requires accurate data on household wealth.
Poverty analyses are traditionally done using expenditure aggregates generated from de-
tailed consumption surveys. The primary drawback to standard expenditure aggregates are
the data requirements, specifically the need for detailed consumption modules and accurate
regional and inter-temporal price deflators. In addition, measures of consumption and ex-
penditure are sensitive to recall bias and framing and face additional difficulties in economies
with agricultural and informal economies which require the imputation of the value of home
produced goods. Together, these issues make expenditure aggregates prohibitively expen-
sive for the frequent data collection necessary for timely measurements of poverty. This has
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resulted in the development of alternative strategies for measuring wealth using data that
can be inexpensively collected.

These alternate wealth measures are often generated using asset ownership and housing
quality indicators and have been increasingly used by researchers in the past two decades
as proxies for wealth in instruments lacking detailed expenditure modules. They have been
primarily used in the literature on health determinants and inequalities with many applica-
tions using the Demographic and Health Surveys (DHS), but have also been used in other
areas including studies on the environment (Caldas et al. 2007; Holmes 2003), education
(Acham et al. 2012), and more general economics (Doocy et al. 2005; Gunning et al. 2000;
Sender 2002; Simmons et al. 2010).2 In addition to allowing for less costly data collection,
these asset-based indices are generally thought to be subject to less measurement error than
consumption-based approaches (Sahn and Stifel 2003).

Various methods currently exist to construct such wealth indices; I discuss a few strate-
gies that have been commonly used. The simplest scheme applies equal weights to all assets
(Bollen, Guilkey, and Mroz 1995; Gorbach et al. 1998; Guilkey and Jayne 1997; Havanon,
Knodel, and Sittitrai 1992; Jensen 1996; Razzaque et al. 1990). Others have attempted
to determine weights using policy analysis and consultation with national experts (Navajas
et al. 2000) or have chosen to restrict analyses to items which have clear prices and have
used asset prices as the appropriate weights (Dargent-Molina et al. 1994). Using the ratio-
nale that less commonly owned goods are generally more valuable, Lyte and Morris apply
weights based on the inverse of population ownership levels (Lyte et al. 2001; Morris et al.
2000). Latent variable models, which use ownership propensities to generate estimates of
the underlying latent variable (argued to be wealth), have been also been used (Ferguson
et al. 2003; Montgomery et al. 2000).

The most commonly used methods are statistical methods such as factor analysis and
principal components analysis (Filmer and Pritchett 2001; Vyas and Kumaranayake 2006).
Aimed at reducing many variables into fewer dimensions, both procedures derive weights
based on the variance structure of the underlying data. Although some rationalize the use
of such methods under the assumption that wealth drives the underlying processes deter-
mining the correlation between asset ownership (Vyas and Kumaranayake 2006), the lack of
corresponding economic theory is explicitly noted by most researchers (Filmer and Pritchett
2001; Vyas and Kumaranayake 2006) .3

Given the expanding use of these wealth indices, a fair amount of research has focused on
discussing and validating their ability to capture an underlying measure of wealth. Earlier
works have shown that indices generated using PCA (Filmer and Pritchett 2001), inverse
frequency weights (Morris et al. 2000), and latent variable methods (Ferguson et al. 2003;
Montgomery and Hewett 2005) show reasonable correspondence to per capita expenditure

2See Howe and Filmer for extensive lists of studies which apply such methods (Filmer and Scott 2012;
Howe, Hargreaves, and Huttly 2008; Howe et al. 2009).

3See Howe and Filmer for a detailed discussion of the strengths and limitations of different methodological
categories for an extensive cross-country empirical comparison and discussion (Filmer and Scott 2012; Howe
et al. 2012).
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and outcomes of interest. More recent reviews caution that asset-based measures are rela-
tively weak proxies for consumption expenditure (Howe et al. 2009) and are more strongly
associated with particular expenditure subcomponents such as non-food items (Filmer and
Scott 2012).

Given the diversity of methods and the strengths and limitations of each, some work has
been done to compare between methods. The evidence on the differences between methods
for index construction is mixed. Researchers have compared principal components analysis,
an equal weights approach, and a weighting strategy based on population ownership levels
and have found similar correlations between each index and per capita consumption across
a wide set of countries (Filmer and Scott 2012; Howe, Hargreaves, and Huttly 2008). Some
comparisons between approaches have shown that the alternatives result in similar levels of
inequality across a varied set of outcome indicators in many countries (Filmer and Pritchett
2001; Wagstaff and Watanabe 2003), while other analyses revealed important discrepancies in
inequality measurements across different indices (Houweling, Kunst, and Mackenbach 2003).
In spite of these mixed results, different studies have consistently found that household
rankings are sensitive to method choice (Filmer and Scott 2012; Houweling, Kunst, and
Mackenbach 2003; Howe, Hargreaves, and Huttly 2008).

Thus, although work has been done to discuss the validity of various wealth indices
and their relation to one another, a few outstanding issues remain. First, there remains
a lack of guidelines on choosing between various index construction methods. As poverty
classifications depend highly on household rankings relative to specific thresholds, indices
which are broadly correlated may not result in similar inferences about poverty. Since
correlation coefficients obscure information on the dispersion of values across the index scale,
it is valuable to examine more disaggregate patterns such as how well indices discriminate
within poor, middle, and rich household groups. The tendency for some of the index methods
to assign large numbers of households very low index values (Howe, Hargreaves, and Huttly
2008) raises concerns about the left end of the wealth distribution.

Furthermore, there may be substantial variation in index performance across different
levels of the wealth distribution. While the existing poverty analyses focus on one or two
poverty lines relevant to each particular study area, an examination of a broader range
of poverty lines may reveal different results and provide insight into the optimal method
and asset choices to use in each application.4 In addition to offering guidance on index
choice, a more disaggregated analysis may draw attention to potential areas which require
additional examination. For instance, if the existing wealth indices consistently provide low
discriminatory power within the poorest households, alternative methods or survey questions
should be identified when stratification within this subgroup is particularly important.

Second, little work has been done to identify the most appropriate set of variables to
include in these alternate wealth indices. Although most prior work has constructed indices
using the most extensive set of durable goods ownership and housing quality variables avail-

4Sahn and Stifel show that country rankings based on poverty incidence change based on the choice of
poverty line (Sahn and Stifel 2000).
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able in the data (Filmer and Scott 2012), this inclusion criteria provides little guidance on
whether or not additional items should be included in future survey instruments or omitted
without reducing the power for wealth measurement. There is a slim body of empirical
evidence suggesting that the number of items included in a wealth index can be potentially
reduced with a minimal loss in discriminatory power (Bollen, Glanville, and Stecklov 2001;
Filmer and Pritchett 2001; Filmer and Scott 2012), but further work is necessary. Addition-
ally, data on durable goods ownership and housing quality often provides little differentiation
among the poorest households which spend the majority of their expenditures on food and
non-durables. Indices which include indicators for food and semi-durable expenditures may
offer the potential for improved poverty measurement but have not been explored systemat-
ically to the best of our knowledge.

There has been some discussion on the appropriate criteria for variable inclusion, but
the existing literature presents disjointed suggestions as opposed to a cohesive strategy for
selecting variables. Potential considerations include excluding assets which may affect the
outcomes of interest through non-wealth pathways (Houweling, Kunst, and Mackenbach
2003) and addressing the issue of economies of scale in household assets (Filmer and Scott
2012). Other considerations are method-specific-Sahn and Stifel omit variables with a co-
variance structure inconsistent with the identifying assumptions of factor analysis (Sahn and
Stifel 2000), and Ferguson, et al, restrict their analyses to normal goods due to the structure
of their underlying model (Ferguson et al. 2003). Some empirical strategies include using
step-wise regressions to identify statistically significant variables which maximize explana-
tory power (Stifel and Christiaensen 2007) and selecting variables based on an algorithm
which maximizes the correlation between the index and expenditures (Mark, Thomas, and
Decarli 1996). As these empirical methods were each applied to specific contexts, it remains
to be seen whether or not these strategies identify the same variables in different countries.

Third, the use of non-expenditure wealth indices in time series analyses presents addi-
tional methodological issues which warrant further attention. Outstanding issues include the
question of how to generate weights when data is drawn from multiple time periods in light
of relative price changes, unobserved improvements in asset quality, and shifting trends in
preferences. These issues are exemplified in the introduction of the cellular phone and other
rapid changes in the area of electronics.

Fourth, important geographical variations such as differences between urban and rural
areas may require special attention when identifying the most appropriate ways to measure
wealth. It is important to understand whether or not the methods applied to national
samples remain valid within population subgroups and whether or not the variables which
best capture wealth may differ by region.

In this work, we begin to address this research agenda through an analysis of wealth
indices along the various dimensions discussed above.
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2.2 Methods

To address the issues of constructing valid wealth indices, we employ an empirical approach
to identify strategies which correspond most closely to the benchmark of household per capita
expenditure. Specifically, we generate a set of wealth indices which vary along the dimensions
of construction method and variable choice. We then benchmark these indices against per
capita expenditures using a set of performance criteria, repeating the analysis across a set
of countries to determine the interaction between contextual factors and index performance.
This empirical assessment is meant to complement analyses by other researchers which draw
from economic theory to identify expenditure proxies.

Construction methods:

The analysis focuses on two dimensions of index variation-construction method and item
choice. We explore three methods of index construction using inverse frequency weighting,
principal components analysis (PCA) and a latent variable model referred to as the threshold
method.

The inverse frequency method generates an index based on the weighted sum of the
included indicator variables. The weights for each variable are calculated using the inverse
of the sample mean for each indicator. The inverse frequency measure assigns greater weight
to the less common items, making the implicit assumptions that households which own or
consume less common items have higher levels of underlying wealth. The index was proposed
by Morris and colleagues (Morris et al. 2000) and shown to be well correlated with total
monetary asset values in samples of rural households in Northern Mali and Central Malawi.
Of the three indices we evaluate here, the inverse frequency method has the advantage of
being the most simple and therefore most transparent.

The second method we use is PCA, a statistical procedure used to reduce multidimen-
sional data into a single index. The method uses the underlying variance structure of the
data to generate a set of orthogonal principal components and then uses these resulting
components to generate a univariate index. As a statistical data reduction procedure, the
economic assumptions mapping each variable to the resulting index are unclear, but re-
searchers have posed the idea that household wealth is the underlying attribute driving the
correlation between the included variables and is therefore what is being captured by the
variance structure of the data. The procedure has been popularized by Filmer and Pritchett
(Filmer and Pritchett 2001) and is the most commonly used method for constructing wealth
indices.5

The third index construction procedure we assess is the threshold method. This method
is based on the assumption that households are likely to purchase an item if their wealth
surpasses the threshold level of wealth associated with that item. The wealth thresholds

5Factor analysis is used as an alternative method for statistically deriving weights (Sahn and Stifel 2000)
and has been shown to generate indices that are highly correlated with PCA indices (Filmer and Pritchett
2001).
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associated with each item are estimated using a latent variable model where the underlying
latent variable is assumed to be household wealth. This is operationalized using a random
effects probit model pooled across the included variables. Using the estimated thresholds,
the conditional probability of observing a set of items can be calculated for a given level of
underlying wealth. From this, the conditional probability of observing each underlying level
of wealth given the observed set of asset stocks and purchases can be calculated using Bayes’
rule. Wealth indices are generated using the expected value of the latent variable conditional
on the observed data. The threshold method was developed by Ferguson and colleagues for
the purpose of enhancing cross-country comparability and was shown to perform similarly
to PCA using samples from Greece, Peru, and Pakistan (Ferguson et al. 2003). Compared
to the inverse frequency method and PCA, the threshold method has the advantage that
it is more closely connected to economic theory and can be rationalized under hierarchical
preferences where items are purchased following a specified ordering. One drawback of the
threshold method is that it is more computationally intensive.

Item selection:

Since there are no current procedural guidelines to determine the appropriate sets of
variables to include in each index, we use an exploratory approach. We first choose a range
of broad categories that might be considered good indicators for household wealth. These
categories include staple food consumption, other food (meats, dairy, and oil) consumption,
semi-durable household goods purchases, housing quality, and durable goods ownership.

Before describing the variables we include, we pause to discuss the validity of including
indicators for consumption and expenditure in the wealth index constructs. The three index
construction methods we employ were initially developed and are generally applied to asset
ownership and housing variables. To apply these methods to indicators for consumption and
expenditure, the assumption is that underlying household wealth determines whether or not
households have any consumption or expenditure on these items. Because the connection to
underlying theory is somewhat informal for the chosen construction methods, it is difficult
to meaningfully discuss whether or not using dichotomous indictors of consumption and
expenditure poses substantial problems in generating wealth indices. Again, the current work
is an exploratory empirical analysis designed to complement theoretical work in determining
the appropriate wealth indices.

Returning to the issue of item choice, we choose a short list of indicator variables within
each category. This list is chosen to include items which occur at varying levels of frequency.
Under the rationale that very common items provide discrimination among the poorest while
very uncommon items provide discrimination among the wealthy, including both common
and uncommon items should allow us to classify households across the wealth distribution.
The specific items we include vary by country due to survey and contextual differences. As
an example, Table 2.1 shows the included items for the Ugandan analysis and the population
frequencies for the three waves of data.
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For the food categories, we generate a dichotomous variable for each item to indicate
whether or not households had consumed the item, through purchase or self-production,
within the reference time period. The reference time periods for food consumption were
either one week or one month recalls depending on the country instrument. Staple food
variables include a list of 10 to 13 grains and tubers such as rice, maize, and cassava. Other
foods (referred to as the meat category) include fresh milk, eggs, cooking oil, and the two
most common meats.

Within the category of semi-durables, we choose 5 items and again create indicators
for household purchases within the relevant reference period. These items include personal
goods such as clothing and shoes and household goods such as soap, toothpaste, toilet paper,
and cooking fuels such as kerosene or charcoal. The relevant reference periods differ by item;
annual recall periods are commonly used for clothing while monthly or weekly recall periods
are used for household supplies. Again, the included items differ depending on each country’s
survey instrument.

Within the category of housing, we use 5 to 7 variables on housing quality and ownership.
To capture housing quality, we use indicators for housing materials, sanitation and density.
In the case of Uganda, quality roof materials are defined as iron sheets, quality floor materials
are defined as concrete, and baked bricks and concrete are classified as quality wall materials.
Quality materials are similarly defined in the other countries. Sanitation is captured by an
indicator for toilets with piping. An indicator for low density housing is also included and
defined as more than 0.5 rooms per person. When available, housing and land ownership
are also included.

The durables category includes indicators for durable goods ownership, which often in-
clude furniture, electronics, kitchen appliances, and transportation assets. The durable goods
indicators range widely across surveys, and we include between 9 and 12 items depending
on the survey. We include the 12 most commonly owned durables in surveys with a more
expansive set of durables (Malawi and Tanzania). Furthermore, we restrict our analysis to
assets that are primarily not used for livelihood activities in order to limit any biases associ-
ated with specific productive sectors. For instance, we do not include livestock as the wealth
indices would be biased against non-farming households, since methods do not currently
exist to generate comparable indices constructed using different variables.

To determine whether or not smaller groups of variables are sufficient for capturing
household wealth, we also examine strict subsets of the larger categories of staple foods
and durable goods. We employ two strategies for choosing the variable subsets. The first
strategy restricts the analysis to the five most common indicators, under the rationale that
the most common indicators provide the most information about the poorest households.
The second strategy uses the correlation structure of the variables to eliminate items which
are highly correlated with one another under the rationale that highly correlated items
add little additional discriminatory power. Specifically, we calculate the average correlation
between each item and other items in the category and eliminate the item with the highest
average correlation, repeating until we have identified the five items with the lowest average
correlation.
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In addition to generating indices using indicators grouped by variable category, we also
assess indices generated using combinations of these categories. Within each sample, we
test 20 alternate variable groupings, which are detailed in Table 2.2. These variable group-
ings include category-specific variables, combinations of common durables and each of the
category-specific variables, and a combination of variables from all categories.

Performance criteria:

We assess each index according to a set of performance criteria related to the potential
applications associated with alternative wealth measures. We focus on two main goals -
classifying relative household rankings and identifying poor households. Following the lit-
erature, we use annual per capita household expenditure as the empirical benchmark for
household wealth. Under partial consumption smoothing, per capita expenditure is gener-
ally considered less sensitive to temporal shocks than household income but more sensitive
to shocks than durable goods ownership. We use the Oxford (or OECD) equivalent scale for
calculating household size.6

We use three measures to compare the various indices-rank correlation coefficients, true
positive rates for poverty, and accuracy rates for poverty. The rank correlation coefficients
are used to assess the capacity of each index to broadly rank order households. The latter two
measures focus on the use of such indices for the specific purpose of measuring poverty and
identifying poor households. Households are classified as poor or non-poor using expenditure
and the various indices. The true positive rate is defined as the fraction of poor households
(as measured using expenditure) that are correctly identified as poor using the wealth indices.
Because this measure fails to take false positive errors into account, we also use a measure of
accuracy defined as the sum of the true positive and true negative rates. The true negative
rate is defined as the fraction of non-poor households that are correctly identified as non-
poor using the wealth indices. We examine the poverty measures using a range of poverty
lines to understand how index performance may vary across low, moderate, and high poverty
settings. Since the indices we examine generate ordinal measures of wealth, we use relative
poverty lines to classify households.

Additional analyses:

In addition to assessing index performance across each country in a given time period,
we are also interested in index validity within population subgroups and in repeated cross-
sectional analysis.

We focus on the urban and rural population subgroups and compare two strategies. We
first determine whether or not indices generated using national samples create measures

6This scale assigns a weight of 1 to the first adult, 0.7 to subsequent adults, and 0.5 to each child
(defined as a household member under the age of 15). http://www.oecd.org/eco/growth/OECD-Note-
EquivalenceScales.pdf
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which are valid within urban populations. We then generate indices using the urban sub-
sample to see whether or not these result in improved performance in the urban population.
We repeat the analysis for rural populations.

We follow a similar process to evaluate index validity for the analysis of repeated cross-
sections, comparing two alternate construction strategies. The first strategy derives weights
from a pooled dataset constructed from all time periods. The second strategy derives weights
from the initial wave of the sample and applies those weights to the later waves of data.

In addition, we repeat the analysis of indices which differ by construction method and
variable inclusion groups to determine whether or not indices which perform well in analyses
of national, single wave samples continue to perform well in urban and rural areas and in
pooled cross-sectional samples.

Meta-analysis:

To determine index sensitivity to contextual factors, we repeat our analysis for a set of
countries and run a set of basic meta-analyses to highlight broad patterns of performance.
From these meta-analyses, we can generate a set of policy recommendations for practitioners
interested in utilizing such wealth indices.

2.3 Data

We perform our analysis using data from the Living Standards Measurement Surveys (LSMS),
which are collected in conjunction with the World Bank to provide accurate measures of
household wellbeing across a variety of contexts. The survey instruments include modules
on consumption and expenditure of extensive lists of items as well as modules on housing
quality and durable goods ownership. As such, the LSMS datasets allow us to compare
the indices of interest to well-constructed aggregate expenditure measures. We use the ex-
penditure aggregates generated by the World Bank, which account for spatial variation in
prices.

We use data from five countries in Sub-Saharan Africa-Uganda, Rwanda, Tanzania,
Ghana, and Malawi. With the exception of Ghana, which is classified as lower-middle
income, the countries are grouped in the World Bank low-income category with per capita
gross national incomes below 1,035 international dollars (2013). We include three rounds
of data from Uganda in 2005/2006, 2009/2010, and 2010/2011, three rounds of data from
Rwanda in 2000/2001, 2005/2006, and 2010/2011, two rounds of data from Tanzania in
2008/2009 and 2010/2011, three rounds of data from Ghana in 1991/1992, 1998/1999, and
2005/2006, and two rounds of data from Malawi in 2004/2005 and 2010/2011. Sample sizes
range from approximately 3200 in Tanzania to approximately 14300 in the last wave of the
Rwandan data. Although there are panel portions of data from the Tanzanian and Ugandan
samples, we do not exploit this aspect of the data for our analysis.
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2.4 Results

We first present results for one country, Uganda, and then the meta-analysis using the results
from the five country samples. Table 2.1 shows the summary statistics for variables included
in the Ugandan analysis. The percent of households reporting a positive indicator for each
variable are broadly comparable across time. Some exceptions include kitchen appliances,
jewelry, and cellular phones; the first two variables decreased substantially while cellular
phone ownership increased largely over time.

The subsets of variables used to construct each index are shown in Table 2.2. The
five staple foods identified by the low correlation procedure described above are maize and
cassava, which are commonly consumed and millet, potato, and sorghum, which are less
commonly consumed. Similarly, the five durable goods identified by the low correlation
procedure (furniture, kitchen appliances, bicycles, generators, and solar panels) capture a
range of ownership levels.

Table 2.3 presents the first set of empirical results for Uganda, the rank correlation coef-
ficients between the indices and per capita expenditure for the three waves of the Ugandan
sample. Within the first wave, the correlation between the various indices and per capita
expenditure varies widely, ranging from a minimum of -0.25 to a maximum of 0.71.

Looking within each row, we find that, in general, the three methods of construction
generate indices with broadly similar levels of correlation to per capita expenditure. For
instance, the rank correlation coefficients for the indices constructed using the five meat and
other food variables are 0.43, 0.45 and 0.42 using the inverse frequency method, PCA, and
the threshold method, respectively. Larger variation exists between construction methods
within certain variable groups. For instance, the rank correlation coefficients for the indices
constructed using the full list of staples are 0.28, 0.47 and 0.36 using the inverse frequency
method, PCA, and the threshold method, respectively.

The construction method with the highest correlation coefficients varies by variable group
and sample. Although the PCA index is associated with the highest correlation coefficients
for most of the variable groups, it is sometimes outperformed by the inverse frequency index
or the threshold index. Furthermore, within variable groups, the construction method with
the highest performance in one wave may not necessarily generate the highest correlation
coefficients in another wave.

Comparing across variable groups, the index constructed using the set of 26 variables
across all categories has the highest correlation with per capita expenditure, with a coeffi-
cient ranging between 0.66 and 0.71, depending on the construction method. High correla-
tion coefficients are also associated with indices generated with fewer variables; the highest
performing variable groups are the housing variables, semi-durables, the full set of durable
goods, and the combination of common durables and housing variables. In the context of
Uganda, indices generated using indicators for staple food consumption perform the most
poorly and are sometimes negatively correlated with per capita expenditure.

Comparing between indices constructed from variables in the same category, we find that
indices constructed from a strict subset of variables can potentially perform similarly to
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indices constructed from the full list. Within the durables category, the inverse frequency
index including all 12 durables has a correlation coefficient of 0.56; the same index using
the 5 most common durables has only a slightly lower correlation coefficient of 0.48. The
index associated with the 5 least correlated durables performs less well, with a correlation
coefficient of 0.33. Within the staple foods category, the inverse frequency index including
all 11 staple foods has a correlation coefficient of 0.28, while the same index including the
5 common staple foods performs slightly more poorly with a correlation coefficient of 0.22.
Again, the index associated with the 5 least correlated staple foods performs less well, with
a correlation coefficient of -0.06. Similar patterns are seen using the second and third waves
of the Ugandan LSMS.

Table 2.4 presents the sensitivity statistics (true positive rates) for the various indices
for the first wave of the Ugandan data. Similar patterns are seen for the other two waves.
Again, the true positive rates are measured as the fraction of the true poor (as measured by
consumption) that are classified as poor by the index. Poverty is determined using relative
poverty lines and is shown for varying levels of relative poverty. The true positive rates for
the various indices are increasing in the level of poverty considered. This pattern is partially
generated by the use of relative poverty lines since the true positive rates are necessarily
non-zero at all poverty lines above 50%. For example, under the 60% poverty line, an
index which incorrectly classifies the wealthiest 40% of the sample as poor will necessarily
correctly classify 20% of the sample as poor. The pattern still holds for poverty lines below
50%, though, indicating that the different indices are better able to identify poor households
at higher levels of poverty.

Comparing across construction methods within each row, we find that the true positive
rates are similar for the inverse frequency and threshold indices for all variable groups. There
is higher variation in the true positive rates using the PCA index. At the lower poverty
lines, the true positive rates associated with PCA exceed those for the corresponding inverse
frequency and threshold indices for the indices constructed using certain food categories.
The true positive rates associated with PCA are much lower than the other construction
methods for the index constructed using semi-durable variables. At higher poverty lines, the
true positive rates are generally similar across all three construction methods.

Comparing across variable groups, we find that the indices generated using the sets of
semi-durable indicators and housing variables perform the best in terms of identifying poor
households. At the lowest poverty lines, the short list of low correlation durables has the
highest true poverty rates, but this index is outperformed by the semi-durable indicators
and housing variables at higher poverty lines. As with performance measured using rank
correlation coefficients, the indices generated using food indicators perform the most poorly.

Table 2.5 presents the accuracy rates for the various indices for the first wave of the
Ugandan data. Again, we find similar patterns in the other two waves. We define accuracy
as the fraction of the sample correctly classified as either poor or non-poor using per capita
expenditure as the benchmark. Compared to the correlation and true positive rates, there
is less variation in accuracy rates across both dimensions of construction method and item
choice.
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The indices constructed using the set of variables from all five categories have the highest
accuracy rates across the various poverty lines, though the accuracy rates are also high
for the indices generated using the combination of common durables and housing and the
combination of common durables and semi-durables. Accuracy rates are highest for the
lowest and highest poverty lines and lower using the middle poverty lines. This pattern is
a result of the use of relative poverty lines which automatically generate variation in the
potential levels of accuracy at different poverty lines. For instance, at the 10% poverty line,
the lowest possible level of accuracy is 0.80, which occurs under the scenario that all of the
households classified as poor are in fact non-poor, resulting in an incorrect classification for
20% of the population.7 In contrast, the lowest level of accuracy that is possible at the 50%
relative poverty line is 0 if the wealth indices classify all poor households as non-poor and
all non-poor households as poor.

Table 2.6 shows the rank correlation coefficients for the additional analyses by geograph-
ical location and within the pooled cross-sectional samples. The first two columns show the
analysis for the first wave of data in rural areas, the middle two columns show the analysis
for the first wave of data in urban areas, and the right two columns show the analysis for
the pooled cross-sectional sample. The correlation coefficients for the threshold indices are
not shown for the sake of space but are broadly comparable. Comparing across construction
methods, we find that the indices generated using PCA tend to outperform those constructed
using inverse frequency weights.

Within rural areas, indices generated using weights derived from the rural sample perform
similarly to indices generated using weights derived from the national sample, though the
inverse frequency indices generated using rural weights slightly outperform the correspond-
ing indices generated using national weights. The correlation coefficients within rural areas
are relatively similar to the levels in the national sample. Though the indices constructed
using food variables perform relatively better than the corresponding indices in the national
sample, the highest performing variable groups are similar to those identified in the national
sample. These high performing variable groups are the large set of 26 variables, the combi-
nation of common durables and housing variables, the combination of common durables and
semi-durables, and the combination of common durables and common foods.

Within urban areas, indices generated using weights derived from the urban sample also
perform similarly to indices generated using weights derived from the national sample. In
this case, the inverse frequency indices generated using national weights often outperform
the corresponding indices generated using urban weights. The correlation levels in urban
areas are generally lower than those seen in both the national sample and the rural sample.
Within urban areas, the highest performing indices are generated using the subset of housing
variables, the combination of common durables and housing variables, and the large set of
26 variables across all categories.

7Because the wealth indices provide somewhat lumpy classifications, they may classify more than 10%
of households as poor using a 10% relative poverty line. For this reason, the accuracy rates fall below 0.80
at the 10% poverty line for a few of the indices in Table 2.5.
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The right most panel of Table 2.6 shows the corresponding results using data pooled
from all three rounds. The indices in the columns labeled wave 1 weights are generated
using weights derived from the first wave which are then applied to the second and third
waves. The indices in the columns labeled pooled weights are generated using weights derived
from the pooled cross-sectional sample. The correlation coefficients tend to be slightly lower
than those seen within each wave when generated using inverse frequency weights; the indices
generated using PCA perform similarly in the pooled cross-section analysis when compared
to the wave-specific samples. Variable groups which perform well within each wave also
perform well in the pooled analysis, with the highest correlation coefficient associated with
the index constructed from the set of 26 variables.

To see whether or not the results we find in Uganda are consistent across different con-
texts, we turn to the five country meta-analysis of index performance. Table 2.7 shows the
results from a regression of index performance on different dimensions of index construction,
where each data point is a country/wave/index observation. The omitted groups are the full
list of staple variables and the inverse frequency weighting method.

The first column of estimates presents results using rank correlation coefficients as the
performance criteria. Comparing between construction methods, we find that the best perfor-
mance is associated with indices generated using PCA. Though the difference is statistically
significant, the difference in magnitude is relatively small. The threshold method performs
similarly to the inverse frequency method. After controlling for the list of variables included,
there is no relationship between the total number of variables included and index perfor-
mance. Across the set of five countries, there is a negative but insignificant relationship
between country-level per capita GDP and index performance. Comparing between variable
categories (Table 2.7), we find that, on average, the indices generated using variables from
all five categories (durables, staples, meats, semi-durables, and housing) have the highest
correlation coefficients. Other higher performing categories include the full list of durables,
the combination of common durables and semi-durables, and the combination of common
durables and housing variables.

The second column of coefficients shows the corresponding estimates using the true
positive rate as the performance criteria. In this regression, each data point is a coun-
try/wave/index/poverty line observation where the poverty lines are relative poverty lines
at 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, and 90%. Again, we find that the PCA
construction method outperforms the inverse frequency and threshold methods, but the
differences in magnitude are small. We find no relationship between the total number of
variables included and index performance, but we do find that the wealth indices tend to
perform more poorly in country-years with higher per capita GDP when true positive rates
are used as the performance criteria. Comparing between variable categories (Table 2.7) we
find that, on average, the indices generated using meats and other foods and indices gener-
ated using semi-durables variables are associated with the highest true positive rates. Other
higher performing categories include the list of low correlation durables and the combination
of variables from all five categories.

The right panel of Table 2.7 shows the regression coefficients using accuracy (the sum
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of the true positive and true negative rates) as the performance criteria. The first column
of the right panel shows the estimates for the meta-analysis pooled across poverty lines,
while the second and third columns restrict the data to the 10% and 50% poverty lines,
respectively. The results for the construction methods is similar to those found using the
other performance criteria, though the difference between PCA and the inverse frequency
method is no longer significant when assessing accuracy at the lowest poverty line. Again, we
find no relationship between the total number of variables included and index performance.
The relationship between per capita GDP and index performance varies depending on the
poverty line considered, but the magnitude is small in all cases.

Taking all poverty lines into consideration, the indices generated using the combination of
variables from all five categories are associated with the highest accuracy rates. Other higher
performing categories include the combination of common durables and semi-durables and
the combination of common durables and housing variables. When we restrict the analysis to
the lowest poverty line, we find very little variation in accuracy by variable group, with the
exception of indices constructed using meats and indices constructed using low correlation
staples, which perform significantly worse. The highest performing variable groups are the
combination of common durables and common staple foods and the combination of common
durables, common staples, and meats, but the differences are not statistically significant. At
the 50% relative poverty line, the highest performing variable groups are semi-durables, the
full set of durables, and the combination of common durables and semi-durables.

Table 2.8 presents the results of the meta-analysis on the urban and rural subsamples as
well as the pooled cross-sectional samples. The rank correlation coefficient is the independent
variable. Each column repeats the analysis for a different sample. Looking across samples,
we find that the dominant construction method is PCA, though the differences between
methods are not significant in the urban sample.

The left panel of Table 2.8 shows the results from the urban/rural analysis. The first
column assesses index performance pooling the results from the national sample and the rural
and urban samples. We find that, compared to the national sample analyses, the indices
perform more poorly within rural areas. Performance is further diminished when restricting
the sample to urban areas. The second column presents the results for rural areas. We find
that the indices generated using national weights are not statistically different than indices
constructed using weights generated from the rural subsample. As with the national sample,
the highest performing index is generated using variables from all five categories; other
indices which perform well are the combination of common durables, common staples foods,
and meats. The third column presents results of the urban sample analysis. In urban areas,
indices generated using national weights are better correlated with per capita expenditure
than indices generated using weights generated from urban areas. In urban areas, the highest
performing index is generated using variables from all five categories; other indices which
perform well are the full set of durables, and the combination of common durables, low
correlation staples foods, and meats.

The right panel of Table 2.8 shows the results from the pooled cross-sectional analysis.
The first column of the right panel compares index performance in the single wave analyses
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to index performance in pooled cross-sectional analyses. Each observation is a country-
index-time combination, where the time dimension is either a single wave or a pooled cross-
section. We find that indices applied in single country pooled cross-sectional samples perform
similarly to those applied in single country-wave samples. Furthermore, there is no difference
between indices constructing from the pooled sample and those constructed by applying
weights from the first wave to data from later waves. The last column presents the results of
the meta-analysis restricted to pooled cross-sectional samples. The highest performing index
is generated using the set of semi-durables; other high performing indices are generated using
the combination of common durables and meats and the combination of common durables
and semi-durables.

2.5 Discussion

In summary, we have assessed the ability of various wealth indices to proxy for per capita
household expenditure using an empirical analysis of five African countries across three
performance criteria. Comparing indices along the dimensions of construction method, we
find that PCA generates indices which correspond most closely to per capita expenditure,
though there is little variation in performance across construction methods. Comparing
indices across variable inclusion groups, there is some variation in the variable groups which
best proxy for expenditure depending on the criteria considered. In general, we find that
indices generated using a combination of variables from the five chosen categories tend to
perform well across multiple performance criteria.

In our additional analyses, we find that the wealth indices continue to moderately proxy
for per capita expenditure within rural and urban subsamples but to a lesser extent than in
national samples. Indices constructed using national weights perform similarly to or better
than indices constructed using within subsample weights. Indices generated using the combi-
nation of variables from the five categories perform well in both urban and rural subsamples.
The wealth indices are also moderate proxies for per capita expenditure when applied to
pooled cross-sectional samples, and there appears to be no difference between indices gener-
ated using weights derived from pooled cross-sectional samples and indices generated from
weights derived from an initial wave.

Although this analysis addresses important dimensions of wealth measurement, there are
many limitations which require further work. First, the three chosen performance criteria are
a small subset of many potential measures, each capturing different potential applications
of these wealth indices. One directly related application which we have not explored is the
ability of such wealth indices to accurately measure changes in poverty headcounts over time.
Second, the performance criteria considered are summary statistics which may mask impor-
tant discrepancies generated by the wealth indices. For instance, though the different wealth
indices are moderately accurate in classifying poor and non-poor households, over 10% of
each sample are incorrectly classified. Without a more thorough examination of these clas-
sification errors, it is unclear whether or not the non-expenditure indices are systematically
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biased against certain types of households. Third, though we consider multiple countries,
they represent a relatively narrow range of development levels, generally ranking among the
poorest in the world. Thus, we are unable to predict how such wealth measurement strategies
will perform in lower-middle and middle income countries.

Nevertheless, this work represents a step in improving the understanding of non-expenditure
measures of household wellbeing. With additional research on the properties of such mea-
sures, these indices can potentially be used to monitor poverty both inexpensively and ac-
curately.

2.6 Figures and tables



CHAPTER 2. CONSUMPTION PROXIES 61

Table 2.1: Summary statistics for included indicator variables - Uganda

Indicator mean
Item Wave 1 Wave 2 Wave 3
Staple foods
Consumed beans in past week 0.74 0.75 0.76
Consumed maize in past week 0.63 0.62 0.53
Consumed cassava in past week 0.53 0.61 0.41
Consumed sweet potato in past week 0.50 0.57 0.12
Consumed matooke in past week 0.46 0.34 0.46
Consumed ground nuts in past week 0.42 0.39 0.37
Consumed rice in past week 0.29 0.25 0.24
Consumed bread in past week 0.23 0.22 0.20
Consumed millet in past week 0.17 0.15 0.19
Consumed potato in past week 0.12 0.13 0.11
Consumed sorghum in past week 0.11 0.13 0.13
Meats and other foods
Consumed cooking oil in past week 0.58 0.57 0.60
Consumed fresh milk in past week 0.35 0.35 0.34
Consumed beef in past week 0.34 0.32 0.33
Consumed fish in past week 0.22 0.17 0.16
Consumed eggs in past week 0.14 0.13 0.11
Housing variables
Owns house 0.75 0.83 0.82
Roof material - iron sheets 0.63 0.69 0.63
Low density housing (> 0.5 rooms per person) 0.42 0.36 0.34
Wall material - baked bricks or concrete 0.40 0.42 0.40
Floor material - concrete 0.33 0.29 0.27
House has toilet with pipes 0.04 0.07 0.05
Semi-durables
Purchased soap (for washing or bathing) in past month 0.98 0.92 0.90
Purchased clothing in past year 0.88 0.85 0.78
Purchased shoes in past year 0.70 0.67 0.60
Purchased toothpaste in past month 0.50 0.47 0.39
Purchased charcoal in past month 0.26 0.24 0.23
Durables
Owns at least one piece of furniture 0.99 0.90 0.90
Owns at least one television/radios 0.66 0.68 0.67
Owns at least one kitchen appliance 0.39 0.20 0.15
Owns at least one piece of jewelry 0.37 0.20 0.16
Owns at least one bicycle 0.36 0.40 0.40
Owns at least one cellular phone 0.22 0.51 0.56
Owns at least one motorcycle 0.02 0.07 0.06
Owns at least one power generator 0.01 0.02 0.01
Owns at least one solar panel 0.01 0.01 0.02
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Table 2.2: Variations on item choice - index definitions (Ugandan sample)

Num
Variable group of var Included variables

Staples (full) 11 Beans, maize, cassava, sweet potato, matooke, ground
nuts, rice, bread, millet, potato, sorghum

Staples (list 1, most common) 5 Beans, maize, cassava, sweet potato, matooke
Staples (list 2, low correlation) 5 Maize, cassava, millet, potato, sorghum
Meats and other foods 5 Cooking oil, milk, beef, fish, egg
Foods (full) 16 Beans, maize, cassava, sweet potato, matooke, ground

nuts, rice, bread, millet, potato, sorghum
Cooking oil, milk, beef, fish, egg

Foods (staples 1 and meats) 10 Beans, maize, cassava, sweet potato, matooke
Cooking oil, milk, beef, fish, egg

Foods (staples 2 and meats) 10 Maize, cassava, millet, potato, sorghum
Cooking oil, milk, beef, fish, egg

Semi-durables 5 Soap, clothes, shoes, toothpaste, charcoal
Housing 6 Flooring, roofing, toilet, house, density, walls
Durables (full) 9 Furniture, tv/radio, kitchen appliance, jewelry, bike,

cell phone, motorcycle, generator, solar panel
Durables (short list 1) 5 Furniture, tv/radio, kitchen appliance, jewelry, bike
Durables (short list 2) 5 Furniture, kitchen appliance, bike, generator, solar

panel
Durables 1 and staples 1 10 Furniture, tv/radio, kitchen appliance, jewelry, bike

Beans, maize, cassava, sweet potato, matooke
Durables 1 and staples 2 10 Furniture, tv/radio, kitchen appliance, jewelry, bike

Maize, cassava, millet, potato, sorghum
Durables 1 and meats 10 Furniture, tv/radio, kitchen appliance, jewelry, bike

Cooking oil, milk, beef, fish, egg
Durables 1 and food (short 1) 15 Furniture, tv/radio, kitchen appliance, jewelry, bike

Beans, maize, cassava, sweet potato, matooke
Cooking oil, milk, beef, fish, egg

Durables 1 and food (short 2) 15 Furniture, tv/radio, kitchen appliance, jewelry, bike
Maize, cassava, millet, potato, sorghum
Cooking oil, milk, beef, fish, egg

Durables 1 and semi-durables 10 Furniture, tv/radio, kitchen appliance, jewelry, bike
Soap, clothes, shoes, toothpaste, charcoal

Durables 1 and housing 11 Furniture, tv/radio, kitchen appliance, jewelry, bike
Flooring, roofing, toilet, house, density, walls

All (durables 1, staples 1, 26 Furniture, tv/radio, kitchen appliance, jewelry, bike
meats, semi-durables, Beans, maize, cassava, sweet potato, matooke
housing) Cooking oil, milk, beef, fish, egg

Soap, clothes, shoes, toothpaste, charcoal
Flooring, roofing, toilet, house, density, walls
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Table 2.3: Rank correlations with per capita expenditure - Uganda

Spearman correlation coefficients

Wave 1 Wave 2 Wave 3

Construction method: IW=inverse frequency weights,
PCA=principal components analysis,

TH=threshold method

Variable group IW PCA TH IW PCA TH IW PCA TH

Staples (full) 0.28 0.47 0.36 0.37 0.45 0.38 0.35 0.47 0.41
Staples (list 1, most common) 0.22 0.22 0.19 0.15 0.15 0.16 0.20 0.30 0.22
Staples (list 2, low correlation) -0.06 -0.25 0.01 0.09 -0.19 0.11 0.07 -0.20 0.08
Meats and other foods 0.43 0.45 0.42 0.43 0.45 0.44 0.42 0.44 0.43
Foods (full) 0.41 0.53 0.45 0.46 0.53 0.48 0.46 0.55 0.51
Foods (staples 1 and meats) 0.43 0.45 0.41 0.42 0.42 0.40 0.41 0.49 0.46
Foods (staples 2 and meats) 0.26 0.45 0.33 0.34 0.45 0.38 0.33 0.46 0.38
Semi-durables 0.56 0.51 0.51 0.58 0.52 0.51 0.58 0.52 0.53
Housing 0.60 0.61 0.54 0.50 0.50 0.45 0.49 0.50 0.43
Durables (full) 0.51 0.56 0.53 0.47 0.50 0.48 0.45 0.51 0.48
Durables (short list 1) 0.38 0.48 0.42 0.42 0.42 0.41 0.35 0.40 0.41
Durables (short list 2) 0.18 0.33 0.33 0.32 0.21 0.32 0.30 0.21 0.30

Durables 1 and staples 1 0.39 0.45 0.38 0.40 0.34 0.35 0.38 0.45 0.41
Durables 1 and staples 2 0.18 0.49 0.33 0.33 0.45 0.37 0.29 0.44 0.36
Durables 1 and meats 0.51 0.56 0.52 0.52 0.53 0.52 0.48 0.53 0.51
Durables 1 and food (short 1) 0.49 0.54 0.48 0.50 0.49 0.47 0.48 0.55 0.51
Durables 1 and food (short 2) 0.37 0.56 0.45 0.45 0.54 0.48 0.42 0.55 0.48
Durables 1 and semi-durables 0.57 0.59 0.55 0.57 0.57 0.53 0.57 0.60 0.57
Durables 1 and housing 0.62 0.67 0.59 0.55 0.55 0.52 0.52 0.56 0.50
All (durables 1, staples 1, meats, 0.66 0.71 0.63 0.65 0.66 0.59 0.65 0.69 0.65
semi-durables, housing)
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Table 2.4: Sensitivity rates (poor/true poor) by index - Uganda (wave 1)

Sensitivity = Poor / True poor

Construction method: IW=inverse frequency weights,
PCA=principal components analysis, TH=threshold method

10% relative 30% relative 50% relative
poverty line poverty line poverty line

Variable group IW PCA TH IW PCA TH IW PCA TH

Staples (full) 0.20 0.29 0.20 0.44 0.52 0.46 0.60 0.67 0.63
Staples (list 1, most common) 0.19 0.19 0.17 0.43 0.42 0.47 0.56 0.60 0.58
Staples (list 2, low correlation) 0.09 0.21 0.09 0.28 0.24 0.44 0.50 0.41 0.51
Meats and other foods 0.46 0.46 0.46 0.63 0.63 0.63 0.67 0.67 0.67
Foods (full) 0.21 0.30 0.22 0.47 0.53 0.50 0.66 0.71 0.68
Foods (staples 1 and meats) 0.26 0.24 0.25 0.50 0.49 0.47 0.67 0.68 0.66
Foods (staples 2 and meats) 0.14 0.24 0.14 0.46 0.49 0.44 0.59 0.67 0.63
semi-durables 0.56 0.21 0.59 0.80 0.49 0.86 0.74 0.73 0.73
Housing 0.57 0.53 0.59 0.60 0.58 0.62 0.74 0.73 0.65
Durables (full) 0.42 0.42 0.41 0.52 0.62 0.55 0.71 0.72 0.71
Durables (short list 1) 0.41 0.43 0.42 0.46 0.53 0.46 0.64 0.69 0.69
Durables (short list 2) 0.62 0.63 0.61 0.52 0.53 0.52 0.48 0.66 0.65

Durables 1 and staples 1 0.30 0.31 0.30 0.47 0.51 0.46 0.64 0.67 0.64
Durables 1 and staples 2 0.17 0.35 0.22 0.40 0.52 0.46 0.55 0.68 0.60
Durables 1 and meats 0.28 0.39 0.30 0.52 0.56 0.53 0.69 0.71 0.69
Durables 1 and food (short 1) 0.28 0.31 0.29 0.53 0.54 0.54 0.69 0.71 0.68
Durables 1 and food (short 2) 0.20 0.34 0.24 0.46 0.55 0.51 0.64 0.71 0.67
Durables 1 and semi-durables 0.43 0.35 0.34 0.55 0.58 0.55 0.73 0.74 0.72
Durables 1 and housing 0.34 0.34 0.34 0.62 0.61 0.60 0.74 0.76 0.73
All (durables 1, staples 1,
meats, semi-durables, hous-
ing)

0.43 0.42 0.41 0.61 0.64 0.59 0.75 0.78 0.73

Notes: Poverty is measured using per capita expenditure. Results for additional poverty lines are not
shown due to space restrictions.
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Table 2.5: Accuracy rates (true poor + true non-poor) by index - Uganda (wave 1)

Accuracy=(True Poor + True Non-Poor)/Total

Construction method: IW=inverse frequency weights,
PCA=principal components analysis, TH=threshold method

10% relative 30% relative 50% relative
poverty line poverty line poverty line

Variable group IW PCA TH IW PCA TH IW PCA TH

Staples (full) 0.83 0.86 0.84 0.65 0.71 0.67 0.60 0.67 0.63
Staples (list 1, most common) 0.84 0.83 0.83 0.65 0.64 0.64 0.56 0.60 0.58
Staples (list 2, low correlation) 0.80 0.65 0.80 0.55 0.54 0.53 0.50 0.41 0.51
Meats and other foods 0.75 0.75 0.75 0.68 0.68 0.68 0.67 0.67 0.67
Foods (full) 0.84 0.86 0.84 0.68 0.72 0.70 0.66 0.71 0.68
Foods (staples 1 and meats) 0.84 0.85 0.85 0.69 0.69 0.68 0.67 0.68 0.66
Foods (staples 2 and meats) 0.82 0.83 0.82 0.65 0.69 0.66 0.59 0.67 0.63
Nonfood 0.82 0.84 0.79 0.70 0.69 0.67 0.74 0.73 0.73
Housing 0.78 0.80 0.77 0.72 0.74 0.70 0.74 0.73 0.65
Durables (full) 0.81 0.81 0.81 0.68 0.69 0.70 0.71 0.72 0.71
Durables (short list 1) 0.80 0.80 0.80 0.67 0.71 0.67 0.64 0.69 0.69
Durables (short list 2) 0.64 0.64 0.64 0.63 0.63 0.63 0.48 0.66 0.65

Durables 1 and staples 1 0.86 0.86 0.85 0.68 0.70 0.68 0.64 0.67 0.64
Durables 1 and staples 2 0.83 0.87 0.83 0.64 0.71 0.67 0.55 0.68 0.60
Durables 1 and meats 0.83 0.85 0.83 0.71 0.73 0.72 0.69 0.71 0.69
Durables 1 and food (short 1) 0.86 0.86 0.86 0.72 0.72 0.72 0.69 0.71 0.68
Durables 1 and food (short 2) 0.84 0.87 0.85 0.67 0.73 0.70 0.64 0.71 0.67
Durables 1 and nonfood 0.84 0.86 0.87 0.73 0.75 0.72 0.73 0.74 0.72
Durables 1 and housing 0.86 0.85 0.86 0.75 0.76 0.74 0.74 0.76 0.73
All (durables 1, staples 1,
meats, nonfood housing)

0.89 0.88 0.88 0.77 0.78 0.75 0.75 0.78 0.73

Notes: Poverty is measured using per capita expenditure. Results for additional poverty lines are not
shown due to space restrictions.
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Table 2.6: Rank correlations with per capita expenditure by urban location and for pooled
cross-sectional sample

Spearman correlation coefficients
Wave Wave 1 Wave 1 Wave 1, 2, and 3 (pooled)
Sample Rural Urban National
Weights Rural National Urban National Wave 1 Pooled
Variable group IW PCA IW PCA IW PCA IW PCA IW PCA IW PCA
Staples (full) 0.34 0.47 0.27 0.48 0.05 0.21 0.21 0.28 0.21 0.47 0.23 0.47
Staples (list 1,
common)

0.36 0.36 0.35 0.34 -0.06 -0.09 0.02 0.00 0.11 0.24 0.11 0.23

Staples (list 2,
low correlation)

0.01 -0.16 -0.01 -0.15 -0.08 -0.15 -0.04 -0.20 -0.02 -0.20 0.00 -0.21

Meats and other
foods

0.40 0.42 0.40 0.42 0.31 0.33 0.32 0.33 0.33 0.44 0.32 0.44

Foods (full) 0.44 0.53 0.39 0.54 0.14 0.32 0.31 0.35 0.29 0.53 0.30 0.53
Foods (staples 1
and meats)

0.46 0.48 0.46 0.48 0.22 0.23 0.28 0.27 0.29 0.46 0.29 0.46

Foods (staples 2
and meats)

0.30 0.44 0.26 0.45 0.11 0.28 0.24 0.31 0.19 0.46 0.21 0.45

Semi-durables 0.48 0.44 0.47 0.43 0.26 0.28 0.25 0.28 0.38 0.52 0.39 0.52
Housing 0.46 0.47 0.46 0.47 0.52 0.51 0.59 0.52 0.39 0.54 0.39 0.54
Durables (full) 0.46 0.47 0.44 0.48 0.32 0.52 0.49 0.53 0.33 0.52 0.36 0.51
Durables (short
list 1)

0.41 0.42 0.38 0.44 0.21 0.40 0.29 0.39 0.27 0.44 0.34 0.45

Durables (short
list 2)

0.30 0.24 0.24 0.30 0.13 0.12 0.14 0.28 0.14 0.32 0.24 0.20

Durables 1, sta-
ples 1

0.47 0.47 0.45 0.49 0.05 0.15 0.20 0.26 0.23 0.43 0.29 0.43

Durables 1, sta-
ples 2

0.26 0.45 0.20 0.48 0.03 0.37 0.18 0.37 0.12 0.46 0.20 0.47

Durables 1,
meats

0.49 0.51 0.48 0.53 0.32 0.44 0.40 0.44 0.36 0.54 0.39 0.54

Durables 1, food
(short 1)

0.52 0.54 0.51 0.55 0.23 0.33 0.34 0.36 0.32 0.53 0.35 0.53

Durables 1, food
(short 2)

0.41 0.52 0.37 0.54 0.13 0.40 0.32 0.41 0.24 0.54 0.30 0.54

Durables 1,
semi-durables

0.52 0.52 0.50 0.53 0.25 0.43 0.36 0.42 0.39 0.59 0.42 0.59

Durables 1,
housing

0.53 0.55 0.52 0.55 0.44 0.61 0.59 0.61 0.40 0.59 0.43 0.59

All (dur. 1,
staples 1, meats,
semi-durables,
housing)

0.62 0.64 0.61 0.64 0.41 0.48 0.52 0.54 0.41 0.68 0.43 0.68

Notes: Construction method: IW=inverse frequency weights, PCA=principal components analysis. Results
for threshold method excluded for space.
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Table 2.7: Index performance across multiple countries and
various performance criteria

Performance criteria

True Accuracy Accuracy Accuracy
Correlation positive (all poverty (10% poverty (50% poverty

coefficient rate lines) line) line)

b/se b/se b/se b/se b/se

Staples (short list 1,
most common)

-0.150 -0.003 -0.014 0.000 -0.015

(0.069) (0.012) (0.008) (0.028) (0.024)
Staples (short list 2,
low correlation)

-0.269 0.021 -0.070 -0.142 -0.066

(0.069) (0.012) (0.008) (0.028) (0.024)
Meats and other foods 0.064 0.129 0.006 -0.097 0.050

(0.069) (0.012) (0.008) (0.028) (0.024)
Foods (full) 0.119 0.020 0.014 0.004 0.010

(0.058) (0.010) (0.007) (0.023) (0.020)
Foods (staples 1 and
meats)

0.086 0.022 0.022 0.011 0.031

(0.035) (0.006) (0.004) (0.014) (0.012)
Foods (staples 2 and
meats)

0.060 0.024 0.009 -0.013 0.019

(0.035) (0.006) (0.004) (0.014) (0.012)
Semi-durables 0.115 0.127 0.037 -0.043 0.079

(0.069) (0.012) (0.008) (0.028) (0.024)
Housing 0.063 0.044 0.021 -0.021 0.035

(0.059) (0.010) (0.007) (0.024) (0.021)
Durables (full) 0.201 0.066 0.039 -0.029 0.066

(0.032) (0.006) (0.004) (0.013) (0.011)
Durables (short list 1) 0.014 0.062 0.013 -0.048 0.038

(0.069) (0.012) (0.008) (0.028) (0.024)
Durables (short list 2) -0.046 0.107 -0.020 -0.100 -0.001

(0.069) (0.012) (0.008) (0.028) (0.024)
Durables 1 and staples
1

0.058 0.013 0.014 0.021 0.023

(0.035) (0.006) (0.004) (0.014) (0.012)
Durables 1 and staples
2

0.020 0.004 0.004 0.006 0.005

(0.035) (0.006) (0.004) (0.014) (0.012)
Durables 1 and meats 0.173 0.056 0.040 0.005 0.060

(0.035) (0.006) (0.004) (0.014) (0.012)

Continued on next page
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Table 2.7 – continued from previous page

Performance criteria

True Accuracy Accuracy Accuracy
Correlation positive (all poverty (10% poverty (50% poverty

coefficient rate lines) line) line)

b/se b/se b/se b/se b/se

Durables 1 and food
(short 1)

0.197 0.040 0.032 0.017 0.040

(0.045) (0.008) (0.005) (0.018) (0.016)
Durables 1 and food
(short 2)

0.178 0.034 0.027 0.012 0.034

(0.045) (0.008) (0.005) (0.018) (0.016)
Durables 1 and semi-
durables

0.196 0.056 0.048 0.014 0.072

(0.035) (0.006) (0.004) (0.014) (0.012)
Durables 1 and hous-
ing

0.195 0.041 0.042 0.016 0.058

(0.032) (0.006) (0.004) (0.013) (0.011)
All (durables 1, sta-
ples 1, meats, semi-
durables, housing)

0.404 0.084 0.050 0.006 0.048

(0.137) (0.024) (0.016) (0.055) (0.048)
PCA 0.034 0.011 0.010 0.006 0.013

(0.012) (0.002) (0.001) (0.005) (0.004)
Threshold method -0.002 0.001 -0.001 0.005 0.001

(0.012) (0.002) (0.001) (0.005) (0.004)
Total number of vari-
ables

-0.007 -0.000 0.001 0.002 0.003

(0.009) (0.002) (0.001) (0.004) (0.003)
Log per capita GDP -0.016 -0.014 -0.002 0.030 -0.010

(0.022) (0.004) (0.003) (0.009) (0.008)
Poverty line 0.101 -0.120

(0.002) (0.001)
Poverty line squared -0.003 0.013

(0.000) (0.000)
Constant 0.473 0.278 0.892 0.595 0.636

(0.188) (0.033) (0.022) (0.076) (0.066)

Notes: Sample consists of country - wave - index observations. The omitted groups are the
full list of staples and the inverse frequency weights construction method.
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Table 2.8: Index performance across multiple countries by
location and repeated cross-sections, correlations

Sample

National, Single waves, Pooled
urban, pooled cross-

rural Rural Urban cross-sections sections

b/se b/se b/se b/se b/se

Staples (short list 1, most common) -0.180 -0.072 -0.304 -0.088 -0.001
(0.033) (0.039) (0.058) (0.051) (0.079)

Staples (short list 2, low correlation) -0.278 -0.266 -0.293 -0.211 -0.128
(0.033) (0.039) (0.058) (0.051) (0.079)

Meats and other foods 0.026 0.010 0.022 0.127 0.215
(0.033) (0.039) (0.058) (0.051) (0.079)

Foods (full) 0.141 0.080 0.213 0.070 0.000
(0.027) (0.033) (0.048) (0.043) (0.066)

Foods (staples 1 and meats) 0.060 0.056 0.052 0.100 0.121
(0.017) (0.020) (0.030) (0.026) (0.039)

Foods (staples 2 and meats) 0.050 -0.002 0.098 0.074 0.095
(0.017) (0.020) (0.030) (0.026) (0.039)

Semi-durables 0.042 0.027 0.022 0.157 0.217
(0.033) (0.039) (0.058) (0.051) (0.079)

Housing 0.038 -0.044 0.106 0.102 0.156
(0.028) (0.034) (0.050) (0.044) (0.067)

Durables (full) 0.177 0.044 0.297 0.196 0.190
(0.015) (0.019) (0.027) (0.024) (0.036)

Durables (short list 1) -0.049 -0.061 -0.067 0.065 0.139
(0.033) (0.039) (0.058) (0.051) (0.079)

Durables (short list 2) -0.078 -0.093 -0.079 0.013 0.096
(0.033) (0.039) (0.058) (0.051) (0.079)

Durables 1 and staples 1 0.008 0.033 -0.041 0.062 0.070
(0.017) (0.020) (0.030) (0.026) (0.039)

Durables 1 and staples 2 -0.005 -0.059 0.037 0.022 0.026
(0.017) (0.020) (0.030) (0.026) (0.039)

Durables 1 and meats 0.143 0.078 0.194 0.181 0.193
(0.017) (0.020) (0.030) (0.026) (0.039)

Durables 1 and food (short 1) 0.179 0.119 0.230 0.156 0.102
(0.022) (0.026) (0.038) (0.034) (0.051)

Durables 1 and food (short 2) 0.175 0.072 0.276 0.137 0.082
(0.022) (0.026) (0.038) (0.034) (0.051)

Durables 1 and semi-durables 0.140 0.068 0.183 0.195 0.195
(0.017) (0.020) (0.030) (0.026) (0.039)

Durables 1 and housing 0.168 0.052 0.270 0.186 0.174

Continued on next page
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Table 2.8 – continued from previous page

Sample

National, Single waves, Pooled
urban, pooled cross-

rural Rural Urban cross-sections sections

b/se b/se b/se b/se b/se

(0.015) (0.019) (0.027) (0.024) (0.036)
All (durables 1, staples 1, meats, semi-
durables, housing)

0.430 0.226 0.648 0.250 0.036

(0.065) (0.079) (0.116) (0.103) (0.157)
PCA 0.027 0.033 0.017 0.042 0.053

(0.006) (0.007) (0.010) (0.009) (0.014)
Threshold method 0.002 0.016 -0.010 0.008 0.020

(0.006) (0.007) (0.010) (0.009) (0.014)
Total number of variables -0.012 -0.002 -0.024 0.002 0.016

(0.004) (0.005) (0.008) (0.007) (0.011)
Log per capita GDP -0.027 -0.004 -0.056

(0.011) (0.013) (0.019)
Rural areas -0.037

(0.007)
Urban areas -0.075

(0.007)
National weights -0.009 0.050

(0.006) (0.009)
Pooled cross-section sample 0.001

(0.008)
Weights from pooled cross-section 0.002

(0.011)
Constant 0.621 0.374 0.809 0.252 0.097

(0.089) (0.108) (0.158) (0.082) (0.126)

Notes: Sample consists of subsample - wave - weighting - index observations. The omitted
groups are the full list of staples and the inverse frequency weights construction method. The
omitted weighting groups for the rural and urban regressions are weights constructed from
within the rural and urban samples, respectively. The omitted weighting groups for the pooled
cross-section analysis are weights generated from the first wave and applied to later waves.
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Chapter 3

Pay for Performance

What’s in the Black Box of Pay for Performance Programs?
Health facility inputs and institutional deliveries in the Rwandan national pro-
gram

Joint work with Sebastian Bauhoff1 and Tisamarie Sherry2

Economic well-being, as discussed in the first two chapters, is a primary concern of de-
velopment economists, but it is not the only concern. Welfare is multidimensional, and one
important dimension that remains critically low in developing countries is health. Improving
access to high-quality health care services at sustainable cost remains an important priority
for low and middle-income countries. One intervention that has been gaining popularity in
recent years is incentive-based financing, also referred to as paying for performance. Un-
der pay-for-performance (P4P) programs, health care providers or facilities receive financial
rewards based on contracted services or outcomes.

Evaluations to date show mixed impacts on health care quality and outcomes (Basinga
et al. 2011; Gertler and Vermeersch 2012; Miller and Babiarz 2013; Olken, Onishi, and
Wong 2012; Sherry, Bauhoff, and Mohanan 2014), but less is known about how performance
incentives affect provider behavior and the production of health care services. Evidence on
the health care production function and provider responses to P4P is critically important
for several reasons. First, many aspects of the production of health care services remain
poorly understood, particularly in resource-constrained settings. Second, while P4P is often
viewed as an approach to achieve targeted improvements in certain rewarded services, it
is not evident whether P4P also supports broader improvements in health systems beyond
the explicitly rewarded services. Third, and more specifically, there is limited evidence on
how facilities and providers allocate effort and resources in response to targeted payment

1Associate Economist, RAND Corporation
2Harvard Medical School
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incentives. Understanding such responses can provide guidance for designing future P4P
programs or tweaking existing programs to maximize their effect.

The goal of this paper is to glimpse inside the “black box” of how providers respond to
financial incentives under P4P to improve the output and quality of health care services.
We examine Rwanda’s national P4P program, which was introduced through a randomized
rollout from 2006 to 2008. Specifically, we examine how Rwandan providers increased insti-
tutional delivery rates in response to explicit P4P incentives for this service by modifying
delivery-specific inputs and activities. Moreover, we examine whether the P4P program was
associated with changes in general health care inputs that may serve to strengthen the overall
health system, in addition to increasing institutional deliveries.

We examine these questions using a facility survey fielded after the randomized rollout,
and evaluate differences between treatment and control facilities in physical resources, human
resources, and facility management and operations. We first replicate the finding from
previous studies that P4P had a positive and significant impact on institutional delivery
rates. Turning to inputs, we find positive program effects for the daily presence of staff
per capita providing maternity-related services and a general facility management indicator.
We do not find statistically significant or substantively meaningful effects on a range of
other inputs commonly targeted to improve institutional delivery rates, e.g., inputs that are
included in the World Health Organization (WHO) guidelines. Additionally, we assess the
linkages between inputs and outcomes and find that the observed changes in staffing and
management explain a relatively small fraction of the increase in institutional deliveries.

3.1 Background

Expansion of P4P Programs in Middle- and Low-Income
Countries

P4P programs have enjoyed strong support from donors interested in strengthening health
systems in middle- and low-income countries: at least 26 incentive-based health programs
have been implemented in these settings in the past 15 years (Miller and Babiarz 2013). Very
few programs have rewarded providers for improved health outcomes (Miller and Babiarz
2013; Singh 2011)- rather, the majority have contracted on health care inputs and service
provision. P4P schemes target specific health care services for improvement, but instead of
prescribing the steps that providers should follow to achieve these improvements, it allows
them flexibility and broad latitude in developing their own approaches. P4P therefore has
the potential to increase economic efficiency through at least two routes: first, by avoiding
the information asymmetries that may lead policymakers to recommend quality improvement
strategies ill-suited to local conditions; and second, by recognizing that provider heterogene-
ity may preclude a single “one size fits all” approach (Miller and Babiarz 2013).

There is a small but growing body of evidence evaluating the impacts of P4P programs on
health service provision in resource-limited settings. In Indonesia, bonus payments to villages
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for their performance on maternal and child health care quality indicators improved measures
of preventive health care and decreased child malnutrition (Olken, Onishi, and Wong 2012).
A hospital-based P4P program in the Philippines, in which performance bonuses were offered
based on clinical competence and patient volume either to physicians directly, or at the
health system-level to hospitals and physician groups, improved provider knowledge and
clinical skills (Peabody et al. 2011). Rwanda’s national P4P program had mixed effects
on health care quality - more generously rewarded services such as institutional deliveries
and the supply of contraception increased, as did several unrewarded prenatal care services.
The program had no significant impact on less generously rewarded services, but there were
also no negative spillovers to unrewarded services (Basinga et al. 2011; Sherry, Bauhoff, and
Mohanan 2014). Similarly, a recent experimental study of P4P in the Democratic Republic
of the Congo (DRC) found that financial incentives increased the availability of rewarded
health services, with no evidence of negative spillovers to unrewarded services (Huillery and
Seban 2013).

The mechanisms by which providers facing a P4P incentive scheme achieve quality im-
provements, however, remains poorly understood. Several empirical studies have explicitly
tested for mediating factors. Olken, Onishi, and Wong (2012) find that health care quality
improvements in Indonesia’s P4P program were mediated in part by more efficient health
care spending, and increased labor supply of providers. Huillery and Seban (2013) find that
in the DRC’s P4P program, quality improvements were mediated by increased provider effort
(e.g. preventive health sessions and community outreach) and decreased absenteeism.

In the case of Rwanda’s national P4P program, Gertler and Vermeersch (2012) show
that P4P decreased the gap between provider knowledge and the practice of appropriate
clinical interventions, positing that this might be one pathway through which financial in-
centives achieved quality improvements. The other mechanisms through which Rwanda’s
P4P program improved targeted health services remain unknown.

Rwanda’s P4P Program

As one of the earliest large-scale P4P programs in a developing country, Rwanda’s national
program offers an interesting case study for identifying the mechanisms by which P4P may
result in quality improvements. The program rewards facilities with varying unit payments
based on their performance on a set of 24 health service indicators in the domains of ma-
ternal health, child health, family planning and HIV/AIDS. The rewarded services and the
associated unit payments are shown in Table 3.1. Bonus payments are adjusted accord-
ing to overall facility quality using a quality multiplier, which is constructed by measuring
facility performance across several domains, including general administration, financial man-
agement, hygiene and sanitation, laboratory services and pharmacy management. Within
each of these domains, performance assessments also take into account the availability of
key inputs and adherence to clinical protocols. The factors and weights associated with the
P4P program’s quality multiplier are shown in Table 3.2. Bonus payments are disbursed at
the facility level and used at the discretion of each facility. Basinga and colleagues report



CHAPTER 3. PAY FOR PERFORMANCE 74

that prior to the program, approximately 50%, 20%, and 30% of the budget was allocated
to medical personnel, medical supplies, and non-medical items, respectively (Basinga et al.
2011). On average in 2008, facilities allocated approximately 77% of their bonus payments to
increasing provider salaries and the remainder to the general facility budget (Basinga et al.
2011).

The P4P program was instituted by the Rwandan Ministry of Health (MOH) through a
phased, quasi-randomized rollout. In 2006, the country’s 19 districts without existing P4P
pilot programs were divided into 12 treatment and 7 control districts by block-randomization
- P4P was launched in the 12 treatment districts in 2006 and expanded to the 7 control dis-
tricts in 2008. To isolate the effect of incentive payments from increasing resources, control
districts received budget increases equal to the average bonus payments paid out to treat-
ment facilities from the period of 2006 to 2008. The overall magnitude of payments disbursed
through the program was large, with bonus payments resulting in average expenditure in-
creases of 22% above 2006 levels (Basinga et al. 2011).

The largest measured impact of Rwanda’s P4P program on a rewarded service is as-
sociated with institutional deliveries, which have high per unit payments ($4.59) relative
to most other rewarded services. Both Basinga et al. (2011) and Sherry, Bauhoff, and
Mohanan (2014) find large and statistically significant impacts of P4P on the number of
pregnant women delivering in a health care facility, roughly a 27-30% increase over baseline.
Since this is the most robust positive finding from Rwanda’s P4P program, in this analysis
we seek to identify the factors mediating the increase in institutional deliveries.

3.2 Data and Methods

To assess the input differences associated with the Rwandan P4P program, we use data
from the 2007 Rwandan Demographic and Health Services Service Provision Assessment
Survey (SPA) (National Institute of Statistics (NIC) [Rwanda], Ministry of Health (MOH)
[Rwanda], and Macro International Inc. 2008). The SPA instruments are designed to monitor
health care systems in developing countries by assessing the availability of services, readiness
of facilities to provide these services, adherence to quality protocols and satisfaction with
the service provision environment. Key topics include infrastructure, management systems,
and provision of services related to maternal and child health, family planning, HIV/AIDS
and STIs, and communicable and non-communicable diseases. The 2007 SPA represents a
census of all public health facilities, a census of all private facilities with five or more staff,
and a sample of private facilities with three or more staff (National Institute of Statistics
(NIC) [Rwanda], Ministry of Health (MOH) [Rwanda], and Macro International Inc. 2008).
3

3There is an earlier round of the Rwandan SPA from 2001 with a sample of 222 facilities. We do not use
the earlier round in this analysis due to the restricted sample size and confidentiality concerns that preclude
facility matching across rounds.
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To identify program effects, we leverage the randomized rollout of the program and the
post treatment data collection. Assuming the randomization of districts was successful, the
differences between treatment and control facilities in the post-period should represent causal
effects of the P4P program on health care inputs and provider behavior. Data collection for
the DHS SPA occurred from June through October 2007, roughly a year after the program
was initially introduced in treatment areas but before it was introduced in control districts.
Because of the timing, we can identify medium run input differences between treatment and
control areas, but we are unable to observe any longer term differences in investments that
do not arise within the first year of program implementation.

Of the 538 facilities included in the full dataset, we exclude facilities drawn from 11 non-
random districts in which P4P was piloted prior to 2006 (194 facilities). We also exclude all
hospitals (42 facilities), because hospitals were subject to a different incentive scheme under
the national P4P program. Furthermore, hospitals could not be classified into treatment
categories due to confidentiality concerns.4 Our analysis sample consists of 201 treatment
facilities and 101 control facilities. The sample contains only polyclinics and health posts
which serve smaller catchment areas and tend to spend less per capita than hospitals.

Table 3.3 provides basic summary statistics for the analyzed sample, which includes fa-
cilities from all five provinces (though only one facility from Kigali City is included in the
analyzed sample). 65% of the sampled facilities are publicly managed, while the remaining
facilities are classified as private facilities, non-government organizations, or community fa-
cilities. The majority of facilities in the Rwandan health care system are polyclinics, which
are expected to provide a full range of basic services, i.e. pediatric care, treatment of sexually
transmitted infections (STIs), family planning (FP) and antenatal care (ANC). Health posts
exist in areas that are far from the main polyclinics and generally offer fewer services. Those
services are limited to curative outpatient care, a subset of diagnostic tests, child immuniza-
tion and growth monitoring, health education, and ANC and FP services (National Institute
of Statistics (NIC) [Rwanda], Ministry of Health (MOH) [Rwanda], and Macro International
Inc. 2008). The vast majority of the facilities have general outpatient care clinics, while
only 5.1% of the facilities have inpatient medical clinics. Polyclinics and health posts have
average catchment populations of 21,000 and 17,000 respectively, and there is large variation
in per capita spending within each facility type. All public and private facilities, including
health posts, were subject to the P4P scheme.

Using this sample, we focus our interest on the most largely and robustly impacted
service-institutional deliveries. Because the P4P program allows providers to innovate freely,
there is a large set of health care delivery inputs that providers may modify in response to
payment incentives. We focus on two categories of inputs classified by their associated
services-delivery-specific inputs and general health care delivery inputs. We look first at
delivery-specific inputs because economic theory predicts that facilities should allocate re-

4Although facility location is excluded from the publicly available dataset due to confidentiality concerns,
we obtained facility treatment identifiers from SPA facilitators. Treatment identifiers were not provided for
hospitals due to the concerns that the existence of few hospitals within each district could lead to their direct
identification.
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sources towards inputs that produce the highest marginal increases in incentivized outcomes.
In this case, these inputs are presumably those inputs with direct applications to delivery
services. We also examine a set of more general inputs as indicators for facility quality.
In the SPA report, the MOH of Rwanda identified health care quality as a priority issue
and described the P4P program as one of three primary “quality strategies” addressing this
issue (National Institute of Statistics (NIC) [Rwanda], Ministry of Health (MOH) [Rwanda],
and Macro International Inc. 2008).5 By providing incentives for a large set of services, the
P4P program indirectly encourages investment in general facility quality since the various
incentivized services share certain common inputs. General facility quality is also directly in-
centivized through the P4P quality multiplier, which scales bonus payments for unit services
according to performance on domains such as administration and cleanliness.

Within the two categories of delivery-specific and general health facility inputs, we ana-
lyze three groups of input types-physical resources, human resources, and management and
operational inputs. Input variables are drawn primarily from facility administrator inter-
views, direct observation of relevant equipment, and administrative reports. We use the
guidelines in the Service Availability and Readiness Assessment (SARA) developed by the
WHO and the P4P multiplier to help identify important indicators for delivery and facility
readiness and quality. These guidelines provide lists of equipment, supplies, and processes
required for basic service provision (Health Contractual Approach Unit 2008; World Health
Organization 2012). The relevant inputs from these guidelines are provided in Table 3.4.

When possible, we combine sets of related inputs into single indices. Since P4P programs
allow facilities to respond idiosyncratically, facilities may adjust differently in accordance
with their specific needs. For instance, one facility may need an exam table for delivery
while another facility may need an obstetrical stethoscope. In aggregate, then, we may not
see systematic differences for specific inputs. By combining related inputs into indices, we
look at more general categories that give us a sense of broader investment patterns. These
systematic responses may exist even though there is heterogeneity across facilities, since
many of the underlying problems facing facilities are the same. For example, the shortage of
doctors and nurses throughout the country (National Institute of Statistics (NIC) [Rwanda],
Ministry of Health (MOH) [Rwanda], and Macro International Inc. 2008) may lead to similar
human resource response strategies.

We weight the components using equal weights unless otherwise indicated in the P4P
quality multiplier guidelines.6 The index weights are presented in Table 3.4. As a note, the
correspondence between the variables available in the SPA data and the stated components
of the P4P quality multiplier is moderate. For example, one checklist item in the P4P quality
multiplier is a monthly inventory of equipment and supplies for each service. This variable
is not available in the SPA data, but we use reported routine equipment maintenance as a
substitute component. The resulting indices are therefore only proxies for the incentivized

5The other strategies include the quality assurance and mutual health insurance programs.
6The P4P quality multiplier guidelines prescribe unequal weights for the components of the management

indicator and equal weights for all other relevant indices.
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components of facility quality.
To determine program impacts, we use linear regressions of the inputs of interest on an

indicator for treatment, controlling for fixed facility characteristics. These controls include
the log of the catchment population size, log per capita spending, and indicators for public
facilities, health posts, provinces, clinic availability, and funding types. Although random-
ization was done at the district level, we cannot cluster within districts due to confidentiality
concerns which exclude district identifiers from the data.

Since we assess a broad set of indicators, we are concerned with issues associated multiple
inference. Specifically, when a large number of dependent variables are tested, significant
coefficients may arise when the true treatment effects are zero. To address this concern, we
adjust our raw p values using a method to control the false discovery rate (FDR) proposed
by Benjamini, Krieger, and Yekutieli (2006). FDR control is less conservative than methods
such as the Bonferroni correction and can be used in exploratory analyses when the cost of
false discoveries is relatively low (Anderson 2008). The procedure for determining statistical
significance at level q for M tests is given below. To calculated adjusted p values following
this algorithm, we employ the procedure described in Anderson (2008).

1. Sort hypotheses in order of decreasing significance such that p1 < p1 < p2 < ... < pM ,
and let subscript r denote the rank.

2. Let q′ = q/(1 + q) and c be the number of hypothesis such that pr < q′.

3. Beginning with pM , check if pr < (q′r)/(M − c). If it does, take pM and all smaller p
values as significant. If it does not, step down to the next highest p value and repeat.

In addition to identifying the effect of payment incentives on a variety of health care
delivery inputs, we are interested in understanding the linkages between inputs and service
provision. Due to the existence of numerous unobserved variables and potential endogeneity,
it is impossible to determine the causal links between clinic inputs and service provision.
Nevertheless, given the policy importance of identifying successful mechanisms for increas-
ing institutional deliveries, we calculate the mediation effects associated with input changes
and discuss these results in light of the likely existence of biases. We follow the method
developed by Imai et al. (2011). Compared to the traditional linear structural equation
modeling framework popularized by Baron and Kenny (1986), Imai and colleagues provide
an estimation strategy with fewer parametric assumptions and additional methods for sen-
sitivity analyses. This method has been employed in the political participation and medical
literatures to study mediation effects (Karpowitz, Mendelberg, and Shaker 2012; Varese,
Barkus, and Bentall 2012).

The method calculates the average causal mediation effects (ACME) of intermediate
indicators on final outcomes under the assumption that there are no unmeasured factors
that affect both the mediator and the outcome. This is done by fitting two models, a model
of the mediator as a function of treatment and covariates and a model of the outcome as a
function of the mediator, treatment, and covariates. We then predict two potential outcomes
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under treatment. The first is the predicted outcome under treatment when the mediator is
also predicted under treatment. The second is the predicted outcome under treatment when
the mediator is predicted using control conditions. The causal mediation effects are computed
as the difference between the two predicted outcomes. Average causal mediation effects are
computed by repeating the prediction step under different values of the model parameters
drawn from the parameter distribution estimated in the initial step.

We present the basic equations below, where Mi, Ti, Yi,and Xi represent the value of the
mediator, treatment, outcomes, and covariates for each observation, respectively, and θM
and θY represent model parameters.

1. Fit parametric models fθM (Mi|Ti, Xi) and fθY (Yi|Ti,Mi, Xi).

2. Simulate model parameters by sampling J copies of θM and θY .

3. Calculate ACME.

a) Simulate potential mediator values by drawing K potential mediator values from

f jθM (Mi|Ti, Xi) denoting each as M
(jk)
i (t), for each potential mediator value.

b) Simulate potential outcomes by drawing one potential outcome Y
(jk)
i (t,M

(jk)
i (t′))

for each f jθY (Yi|Ti,Mi, Xi).

c) Compute the average causal mediation effect for treatment t as
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We apply this algorithm to the inputs with positive and statistically significant coeffi-

cients on the treatment indicator.7 For example, when analyzing the effect of management
on institutional delivery rates, we regress the management index on treatment and covari-
ates and then regress institutional delivery rates on the management index, treatment, and
covariates. We then calculate the predicted institutional delivery rate in treatment clinics
conditional on the management level expected under treatment. We also calculate the pre-
dicted institutional delivery rate in treatment clinics conditional on the management level
expected in control areas. We compute the average causal mediation effects by taking the
difference between the two predicted institutional delivery rates.

3.3 Results

Before turning to program impacts, we assess the balance between treatment and control
facilities on observable characteristics. To assess potential biases, we would like to ensure
that treatment and control facilities are balanced on pre-treatment characteristics. Since this

7We use the medeff Stata package provided by Imai and colleagues.
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data is not available to us, we instead perform balance tests on post-treatment characteristics
that are unlikely to have been affected in the first year of the program. Although we can
only assess balance across fixed facility characteristics, previous studies have shown that the
characteristics of the catchment population as well as the outcomes of interest are also well-
balanced in the pre-intervention period.8 Table 3.5 indicates that facility characteristics that
are unlikely to have been affected in the first year of the program are generally comparable
across treatment and control clinics with a few exceptions. Among treatment districts, there
are more health post facilities, facilities with equity funds for the poor, and facilities from
the Northern province, while there are less facilities from the Southern province. We account
for these differences by including indicators for health posts, funding types, provinces, and
other fixed facility characteristics as controls in the regression analysis.

We first replicate the program impacts on institutional delivery rates using the facility
data to address two potential concerns associated with using the SPA data. First, the SPA
data was collected only a year after program implementation, whereas the household datasets
used in previous studies were collected between 1.5 to 2 years after program implementation
(Basinga et al. 2011; Sherry, Bauhoff, and Mohanan 2014). The SPA data therefore observes
facilities after a relatively short program exposure period, which could be problematic for
identifying impacts if facilities responded slowly to program incentives. Second, due to the
exclusion of hospitals, the SPA represents an unrepresentative facility sample. This could
raise concerns if program effects were concentrated in hospital facilities.

To identify the program impacts on institutional deliveries, we construct a measure of
facility delivery rates by using monthly administrative records for a period of six months
and normalizing by the number of births expected in the facility’s catchment population.9

We report the results in Table 3.6. We find that institutional delivery rates in treatment
facilities are 31% higher than rates in control facilities (a 12.4 percentage point increase).
This difference is statistically significant and consistent with analyses conducted using the
reported annual number of deliveries and facility estimates of delivery coverage (results not
shown). The magnitude corresponds closely with the estimates from household surveys,
allaying potential concerns associated with the SPA data.

We now turn to the program impacts on facility inputs and look first at delivery-specific
physical resources, human resources and management indicators. We present one set of
regression results for maternity beds per thousand pregnant women in Table 3.7. We run
various specifications, with different subsets of controls in each specification. The regression
results show an insignificant treatment effect on maternity beds across the specifications.
Health posts have fewer maternity beds, while private clinics and clinics with ANC and
HIV clinics have more maternity beds. The number of maternity beds per pregnant woman
is lower in facilities serving larger catchment areas and higher in facilities with higher per

8Prenatal care visits are one exception. Basinga and colleagues find that treatment areas in the pre-
intervention period had more women with 4 or more prenatal care visits, but Sherry and colleagues do not
find a difference (Basinga et al. 2011; Sherry, Bauhoff, and Mohanan 2014).

9We follow the procedure described in WHO’s service availability indicators to calculate the expected
number of births from the catchment population (World Health Organization 2012).
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capita spending. Facilities in the Southern Province have more maternity beds per pregnant
woman compared to the Northern Province. The covariate patterns for other indicators are
mixed (results not shown), but private clinics tend to do better on most indicators.

For the remaining indicators, we present coefficients on the treatment indicator from
regressions corresponding to regression specification (3) in Table 3.7, controlling for log
catchment population, log per capita spending and indicators for health posts, provinces,
private clinics, clinic availability and funding types. Table 3.8 presents the treatment effects
for the analyzed inputs. The indicator levels are low to moderate. On average, control
clinics have only 42% of the recommended delivery room inputs and medications, 62% of the
recommended sanitation supplies, and 63% of the recommended general facility equipment.
Performance on the management and operations indicators is slightly higher, with averages
of 80%, 76%, and 67% in control facilities for the delivery statistics monitoring indicator,
the clinic cleanliness indicator, and the management indicator, respectively.

To determine the statistical significance of the coefficients on the treatment indicators, we
refer to the FDR-adjusted p values and use a threshold of p≤ 0.10 since we have relatively low
power due to the small sample size. The coefficients are of mixed signs and do not appear
to show consistent patterns within each category. Overall, the majority of the indicators
that we analyze are statistically insignificant. The two exceptions are the number of staff
per capita providing maternity-related services who are present today and the management
indicator. In both cases, the coefficients on the P4P program are positive, with adjusted p
values of 0.10. When we separately analyze the different components of the management
indicator (results not shown), we find that the positive effect is driven primarily by higher
use of quality assurance reports in treatment clinics.

Table 3.9 shows the ACMEs following the algorithm by Imai and colleagues described
above (Imai et al. 2011). We perform the analysis for the two indicators associated with
positive and significant treatment effects-the number of staff per capita providing maternity-
related services present today and the management indicator. The estimated relationship
between institutional delivery rates and the number of maternity-related staff present each
day is negative, resulting in a negative ACME. We find that the management indicator
accounts for a small fraction, 1.5% of the overall impact on institutional delivery rates. This
estimate has wide confidence intervals, indicating a high level of uncertainty in the linkages
between the management indicator and the corresponding institutional delivery rates.10

3.4 Discussion

In summary, we find that Rwanda’s P4P incentives for institutional deliveries are associated
with a positive and significant impact on institutional delivery rates, consistent with the
results reported by Basinga, Sherry, and colleagues (Basinga et al. 2011; Sherry, Bauhoff,
and Mohanan 2014). Yet, we find little evidence that treated clinics respond to payment

10Imai and colleagues also provide an algorithm for a sensitivity analysis of the ACME (Imai et al. 2011).
We do not present the analysis since the ACMEs are small and not statistically significant.
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incentives by systematically investing in inputs, a number of which are recommended under
the WHO guidelines as important measures for basic facility and delivery-specific readiness.

We identify two inputs with positive and significant results-clinic management and staff
per capita providing maternity-related services present today. The effect on clinic manage-
ment is consistent with the program incentives provided through the P4P quality multiplier.
At the same time, other indices with P4P quality multiplier components are not associ-
ated with positive and statistically significant coefficients, indicating that management may
be of particular importance in achieving improvements in service provision. The effect on
maternity-related staff present each day is consistent with the idea that P4P programs work
by targeting worker productivity and absenteeism (Meessen, Kashala, and Musango 2007)
and consistent with reports that the majority of incentive payments were distributed as
increased salaries (Basinga et al. 2011). Together, the coefficients on these two indicators
suggest the potential importance of management and provider presence, mechanisms which
were highlighted in other studies on the impact of P4P programs on provider labor supply
and effort (Huillery and Seban 2013; Olken, Onishi, and Wong 2012).

Although we find two inputs that are associated with positive responses to payment in-
centives, the mediation analysis shows that these input differences explain a small fraction of
the difference in institutional delivery rates between treated and control clinics. It is possi-
ble, then, that there are other important mechanisms underlying differences in institutional
delivery rates that could not been identified in this data.

We now discuss several policy implications and then turn to the limitations of our study.
The first implication is that management and provider presence are potentially important for
increasing service provision rates. Again, this is consistent with the problems of low provider
effort and absenteeism affecting health systems in developing countries (Chaudhury et al.
2006) and with the use of P4P programs as potential solutions. The results suggest that
P4P implementation in other health delivery systems could be complemented by trainings
on management strategies and strategies for encouraging provider presence. It is important
to note, though, that modifying management or provider absenteeism without payment
incentives will not necessarily result in the same increases in outcomes if the key feature of
P4P programs is the conditionality.

Second, we find that providers do not appear to systematically respond to incentives
by investing in additional physical and human resources. This implies that these inputs
may not be binding constraints in Rwanda despite the low to moderate overall levels, and
overall levels of physical and human resources appear less important for achieving increases in
institutional delivery rates. We note, though, that these inputs may be important constraints
in other contexts or for other health services. Furthermore, the lack of differences in the set
of analyzed indicators implies that P4P programs may not be very effective at improving the
strength of the general health care delivery system as measured by input levels. Provider
responses to incentives do not appear to extend to inputs which are not directly incentivized
or are not closely associated with the contracted service. In contexts where input constraints
are identified as priority issues, direct incentives or other policy levers may be necessary to
attain higher input levels. For example, additional efforts may be needed to address the
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overall shortage of doctors and nurses in Rwanda.
We now discuss the limitations of our analysis. First, our approach can only detect

behavior that is systematic across providers. Fundamentally P4P allows providers to choose
their own approach, so it is possible that providers had idiosyncratic responses to the P4P.
The lack of many systematic results may point to substantial facility heterogeneity. Second,
we can only observe a subset of health care delivery inputs in the SPA facility surveys. It
is possible that there were systematic provider responses along other important dimensions
such as provider effort or client recruitment through community meetings. Moreover, without
detailed budget information, we are unable to explicitly trace the distribution of payment
bonuses. These data limitations highlight potentially valuable additions to the SPA survey
instruments, which are used in multiple countries for health care delivery monitoring. Third,
the large number of insignificant results could be due to low sample power. Although we
cannot rule this out, we do not see consistent patterns in the direction of treatment effects by
category, so it does not appear to be the case that input responses are systematic. Finally,
it is possible that we find few differences between treatment and control clinics because
control facilities are forward-looking and adjust inputs in anticipation of receiving the P4P
program. Though this may be the case, control clinics have not adjusted in such a way to
achieve institutional delivery rates as high as those in treatment facilities, indicating that
some differences between control and treatment clinics likely remain.

Despite the limitations of our analysis, this study adds to the existing literature on P4P
programs in developing countries by identifying the input responses associated with payment
incentives distributed at the facility level. Much of the “black box” behind provider responses
remains unknown, though, warranting further work on the mechanisms tied to improved
health outputs and outcomes.

In conclusion, this dissertation provides some theoretical, empirical, and policy-relevant
insights into the challenges of accurately measuring poverty and improving the quality of
health care delivery systems. This work brings extensive data analyses and a more complete
incorporation of economic theory to address practical measurement issues, and it provides an
exploration into the mechanisms underlying a welfare improvement program in one country.
The steps taken here represent small but significant contributions to the knowledge on welfare
improvement in developing countries and call for continued work on broadening this evidence
base.

3.5 Tables
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Table 3.1: P4P program description: Rewarded services and unit payments

Service Payment
(US $)

Service Payment
(US $)

Primary Care
Curative care visits 0.18 First-time family planning visits 1.83
Emergency referrals during cura-
tive treatment

1.83 1-month contraceptive resupply 0.18

Maternal Health
First prenatal care visits 0.09 Deliveries in the facility 4.59
Women who completed 4 prenatal
care visits

0.37 Emergency transfers to hospital
for obstetric care during delivery

4.59

Women who received appropriate
tetanus vaccination during prena-
tal care

0.46 At-risk pregnancies referred to
hospital for delivery during prena-
tal care

1.83

Women who received 2nd dose of
malaria prophylaxis during prena-
tal care

0.46

Child Health
Child (0-59 months) preventive
care visits

0.18 Children who completed vaccina-
tion on time

1.83

Malnourished children referred for
treatment during preventive care
visit

1.83

HIV/AIDS

Voluntary counseling and testing 0.89 New adult clients put on ARVs 4.58
Prevention of mother-to-child-
transmission (PMTCT): partner
tested

4.58 HIV+ clients treated with cotri-
moxazole each month

0.44

PMTCT: exposed children tested 8.93 New pediatric clients put on ARVs 6.70
PMTCT: women under treatment
with ARVs during labor

4.58 HIV+ women who use modern
method of family planning

2.68

HIV+ clients tested for CD4 count 4.58 HIV+ clients tested for TB 2.68

Notes: Payments reported for each unit.
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Table 3.2: P4P program description: Quality index multiplier

Service Category Quality Share of Weight: Share of
Index Structural Weight:

Weight Factors Processes
General Administration 0.052 1.00 0.00
Cleanliness 0.028 1.00 0.00
Curative Care 0.170 0.23 0.77
Delivery 0.130 0.40 0.60
Prenatal care 0.126 0.12 0.88
Family Planning 0.114 0.22 0.78
Immunization 0.070 0.40 0.60
Preventive Care 0.052 0.15 0.85
HIV Services 0.090 1.00 0.00
TB Services 0.028 0.28 0.72
Laboratory Services 0.030 1.00 0.00
Pharmacy Management 0.060 1.00 0.00
Financial Management 0.050 1.00 0.00
Total 1.000
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Table 3.3: Sample summary statistics

Polyclinic Health post Total

Number of facilities
Management type
Public 185 12 197
Private/NGO/community 71 34 105
Province
Northern 60 9 69
Southern 50 3 53
Eastern 78 12 90
Western 67 22 89
Kigali City 1 0 1
Clinic availability
Has general outpatient clinic 249 46 295
Has inpatient medical clinic 16 0 16
Group means and standard deviations
Catchment population 21,088 16,856 20,738

[11,042] [31,674] [13,887]
Spending/catchment population 2,696 10,210 3,327

[17,235] [29,308] [18,583]

Data from hospitals excluded from remaining analysis due confidentiality concerns.

Standard deviations in square brackets.
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Table 3.4: Indicator components from P4P multiplier and WHO guidelines

Component Source Weight Component Source Weight

Delivery room inputs indicator

Exam table P4P 0.06 Sterile gloves P4P 0.06
Exam light P4P 0.06 Umbilical cord clamp P4P 0.06
Infant scale P4P 0.06 Skin disinfectant WHO 0.06
Sterilized instruments P4P 0.06 Injectable diazepam WHO 0.06
Neonatal aspirator P4P 0.06 IV solution with infusion

set
WHO 0.06

Obstetrical stethoscope P4P 0.06 Injectable antibiotic WHO 0.06
Suture thread P4P 0.06 Injectable magnesium sul-

phate
WHO 0.06

Ophthalmic ointment P4P 0.06 Injectable uterotonic WHO 0.06
Local anesthesia P4P 0.06

Sanitation supplies indicator

Soap availability (averaged
across clinics)

P4P 0.50 Disinfectant availability
(averaged across clinics)

P4P 0.50

Basic equipment indicator

Any source of electricity Authors 0.17 Functioning incinerator P4P 0.17
Water dispensers available
(averaged across clinics)

P4P 0.17 Functioning sterilizing
equipment

P4P 0.17

Clean water source avail-
able

P4P 0.17 Beds per 10,000 people
(N/25, max 1)

WHO 0.17

Delivery statistics monitoring indicator

Evidence of delivery statis-
tics monitoring

Authors 0.33 Meetings to discuss adverse
deliveries

Authors 0.33

Meetings to discuss deliv-
ery statistics

Authors 0.33

Management indicator

Services available full time P4P 0.11 Covered waiting areas P4P 0.17
Minutes for monthly man-
agement meetings

P4P 0.17 Minutes for monthly com-
munity meetings

P4P 0.17

Medical systems reports
observed

P4P 0.17 Routine equipment mainte-
nance

P4P 0.06

Quality assurance reports P4P 0.17

Notes: P4P source refers to components of P4P quality multiplier. WHO guidelines taken from World Health
Organization (2012) Only components available in SPA data are listed.
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Table 3.5: Facility characteristics: balance tests

Control mean Difference P-value

General

Catchment population 20492 376 .830

Health post .07 .12 .004

Private/NGO/community .33 .03 .589

Spending per capita in catchment area, 2006 1558 2681 .281

Province

Eastern .32 -.03 .612

Kigali City .01 -.01 .158

Northern .13 .15 .003

Southern .23 -.08 .091

Western .32 -.03 .55

Clinic availability

Has ANC clinic .18 -.01 .759

Has general outpatient clinic .96 .02 .179

Has VCT/HIV/special diagnoses (incl HIV) clinic .21 -.03 .546

Has inpatient medical clinic .05 .01 .848

Has inpatient/outpatient TB clinic .11 -.05 .087

Funding sources

Employer .06 .05 .157

Equity fund for poor .15 .09 .083

Insurance .56 -.09 .155

User fees only .12 .07 .147

Other .06 -.01 .581

Government risk pool .7 -.09 .14
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Table 3.6: Treatment effects: Institutionalized deliveries across datasets

Mean (control) β se p-val N Data

Sherry, Bauhoff, Mohanan 0.30 0.098 0.036 6144 Individual

Basinga, et al. 0.36 0.074 0.033 2108 Individual

SPA facility data 0.40 0.124 0.037 0.001 302 Facility

Number of pregnancies calculated for SPA data from catchment population using WHO service avail-
ability indicator guidelines. Mean control reported for pretreatment year in Sherry and Basinga.
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Table 3.7: Regression results: Maternity beds per 1000 pregnant women

(1) (2) (3) (4)

Treatment 0.329 0.248 0.874 0.443
(1.088) (1.114) (1.169) (1.347)

Health post -5.324* -6.080* -6.621**
(2.853) (3.115) (3.229)

Private/NGO/community (x100) 3.401*** 3.858*** 2.860
(1.251) (1.338) (2.041)

Log catchment population -5.032*** -5.586*** -5.664***
(1.157) (1.168) (1.176)

Log per capita spending 1.007** 0.781 0.790
(0.494) (0.497) (0.497)

Southern province 2.671* 4.247** 4.220**
(1.577) (1.915) (1.918)

Eastern province 0.370 0.374 0.391
(1.439) (1.527) (1.530)

Western province -1.760 -1.845 -1.758
(1.505) (1.526) (1.535)

Has general outpatient clinic 2.194 1.901
(3.263) (3.299)

Has ANC clinic 1.310 1.277
(1.418) (1.421)

Has inpatient/outpatient TB clinic 0.301 0.353
(1.758) (1.763)

Has VCT/HIV/special diagnoses (incl HIV) clinic 4.048*** 4.100***
(1.340) (1.345)

Has inpatient medical clinic -4.722** -4.992**
(2.369) (2.409)

Funding: equity fund for poor -1.621 -1.566
(1.425) (1.430)

Funding: employer 0.972 0.937
(1.769) (1.773)

Funding: insurance 0.305 0.272
(1.150) (1.153)

Funding: gov’t risk pool (various) -0.861 -0.793
(1.368) (1.375)

Treatment X Private 1.652
(2.551)

Constant 10.96*** 53.05*** 56.85*** 58.07***
(0.879) (12.73) (12.97) (13.12)

Observations 242 210 210 210

* p<0.10, ** p<0.05, *** p<0.01
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Table 3.8: Treatment effects

Mean
(cont.)

β se p-val FDR
adj.
p-val

N

Physical Resources

Delivery-specific

Maternity beds/1,000 pregnant women 10.96 0.87 1.17 0.46 0.41 210

Emergency transport for obstetric emergencies 0.13 -0.08 0.04 0.03 0.11 225

Delivery equipment and medication indicator† 0.42 0.04 0.04 0.24 0.26 207

General

Sanitation supplies indicator† 0.62 -0.01 0.03 0.81 0.53 240

Basic equipment indicator† 0.63 -0.05 0.03 0.16 0.20 186

Human Resources

Delivery-specific

No. staff providing maternity-related services
present today/10,000 people

0.97 0.34 0.13 0.01 0.10 240

Has community health worker, delivery 0.78 0.07 0.05 0.17 0.20 240

No. midwives/10,000 people 0.03 -0.01 0.01 0.69 0.47 240

General

No. staff/10,000 people 9.95 -1.31 0.62 0.04 0.11 240

No. staff present today/10,000 people 5.74 0.70 0.61 0.26 0.26 240

Management and Operations

Delivery-specific

ANC services: days per month provided 7.37 0.54 0.58 0.35 0.34 234

24 hour delivery coverage provided at facility 1.00 0.00 210

Delivery stats monitoring indicator† 0.80 -0.08 0.04 0.04 0.11 209

General

Cleanliness of clinics (averaged across clinics) 0.76 0.04 0.02 0.05 0.12 240

Management indicator† 0.67 0.06 0.02 0.01 0.10 240

† Indicators described in Table 3.4. Regressions controls include: log catchment population, log per capita

spending,and indicators for managing authority, province, health post, clinic types, and funding types.
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Table 3.9: Mediating increases in institutional deliveries

Average Causal 90% Fraction of
Mediation Confidence Total Effect

Effects† Interval Mediated

No. staff providing
ANC/FP/delivery/10,000 people (to-
day)

-0.004 -0.016 0.004 -0.035

Management indicator 0.002 -0.009 0.013 0.015

† Total treatment effect on institutional deliveries = 0.114
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Appendix A

Model estimation details

Defining constraints

Different ψ vectors may result in the same log likelihood measures, resulting in a solution
set as opposed to a point estimate when these parameters best fit the data. Such a case
is illustrated in Figure A.1; in this case, the utility parameter associated with the more
expensive good is so high (ψ2 = 10) that the bundle is optimal at exactly the income at
which it is affordable. Increasing the parameter to ψ2 = 15 does not change the income
intervals over which each bundle is optimal; the log likelihood measures associated with
these two different parameter vectors are therefore identical.
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Figure A.1: Alternate parameters with identical log likelihoods

To guarantee unique point estimate solutions to the problem, I define a set of upper
bounds on the marginal utility parameters ψj. These maximum values are defined as the
minimum values at which the relevant bundle dominates all other bundles in the relevant
comparison set. To formalize this, I define the relevant bundle for calculating the maximum
ψj as xj,only, the bundle with only good j. I sort the discrete goods by lowest to highest
price, and define the relevant comparison set as the set of all bundles which do not include
good j or any goods more expensive than good j. As an example, when j = 3, there are
four bundles in the relevant comparison set defined by all the potential combinations of the
two least expensive goods.

xj,only ≡ [0, 0, 1︸︷︷︸
j

, ..., 0]

Set Xj− ≡ all bundles where xn = 0 ∀j ≤ n ≤ J For example, when j = 3,
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Xj− =


(0, 0, 0, ..., 0)
(1, 0, 0, ..., 0)
(0, 1, 0, ..., 0)
(1, 1, 0, ..., 0)


The value at which bundle xj,only dominates all the bundles in set Xj− depends on whether

the bundles in Xj− are more or less expensive than bundle xj,only. If all the bundles in the
relevant comparison set are less expensive, ψj,max is given by the value which causes bundle
xj,only to be optimal at the income level at which the bundle becomes affordable. If some of
the bundles in the relevant comparison set are more expensive, ψj,max is given by the value
which causes bundle xj,only to just dominate the relevant bundles when income is infinite.
The relevant upper bound for each good in a time series estimation is given by the maximum
of the upper bounds defined within each round.

If max
(
p1x

k
1 + ...+ pJx

k
J |xk ∈ Xj−

)
≤ pj,

ψj,max = max


[

(pj − (p1x
k
1 + ...+ pJx

k
J))1−γ − 1

1− γ
+ (ψ1x

k
1 + ...+ ψJx

k
J)

]
− −1

1− γ︸ ︷︷ ︸
min utility

∣∣∣∣∣∣∣∣∣x
k ∈ Xj−


If max

(
p1x

k
1 + ...+ pJx

k
J |xk ∈ Xj−

)
> pj

ψj,max = max

([
(y∞ − (p1x

k
1 + ...+ pJx

k
J))1−γ − 1

1− γ
+ (ψ1x

k
1 + ...+ ψJx

k
J)

]
−
[

(y∞ − pj)1−γ − 1

1− γ

]∣∣∣∣xk ∈ Xj−

)

Estimation assumptions

To estimate the model, I assume an underlying theoretical distribution for income and nor-
malize prices under that income distribution. Specifically, I assume that income is distributed
lognormally in all time periods with µ = 0 and σ = 1 and use the mean of annual per capita
expenditure to rescale the prices accordingly. Although this normalization requires external
information on summary statistics on income or expenditure in the population of interest,
crude approximations will suffice. Alternatively, an arbitrary price normalization setting the
minimum price across surveys to 0.05 results in robust marginal utility orderings. Under the
arbitrary price normalization, I set prices to guarantee that the proportion of households
owning each asset is not limited by affordability. If the price normalization was set such that
the minimum price was too high, any model parameters would be unable to rationalize data
where ownership exceeds the fraction of households able to afford the goods. For instance,
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if the minimum price was set to be at the tenth percentile of the income distribution, the
model would always predict that at least 10% of households own no assets, regardless of
any variation in model parameters. On the other hand, if prices are set low, such that more
households can theoretically afford each good than observed in the data, the marginal utility
parameters can adjust accordingly.

I operationalize the maximum likelihood estimation in Matlab by directly computing the
indirect utility functions associated with every available bundle for each potential parameter
set. The indirect utility functions are defined over 1000 points spanning the underlying
income distribution; at this accuracy, I cannot detect bundles which are optimal for less
than 0.1% of the population. I operationalize the search with a combination of a user-
defined grid search and the fmincon function. Because of the large set (2J) of potential
bundles, the estimation is computationally intensive and estimation time increases greatly
with the inclusion of additional discrete goods.

With a relatively small set of J utility parameters explaining an exponentially larger
set of potential bundles, there are cases where there is no set of ψj parameters that can
rationalize observing all of the bundles appearing in the data. This occurs when the indirect
utility function associated with a given bundle is dominated by the indirect utility function
of another bundle or set of bundles across the entire income distribution. The log likelihood
of observing such a bundle when the model predicts that it is never optimal is negative
infinity. To operationalize the maximum likelihood search, I replace the log likelihood of
bundles with zero probability with negative one million.1

Because of the discrete choice nature of the problem, the log likelihood function is not
smooth, as a small increase in a marginal utility parameter may increase the log likelihood of
observing a bundle from negative infinity to a finite number, resulting in a discrete decrease
in the associated likelihood of another bundle. As such, I run the maximum likelihood search
using a set of different starting points which span the parameter space.

The marginal utility parameters estimated from the algorithmn generate results in utils.
I rescale the marginal utility parameters into dollars using the unconditional indirect utility
function associated with the estimated parameters. Specifically, utils are rescaled into dollars
by dividing by the mean marginal utility per dollar (averaged across the distribution).

1This issue is currently being addressed by estimating a model which incorporates a household level
random effect.




