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Abstract of Dissertation
The Role of Ordinal Data in Economics

This thesis is a contribution to the understanding of the use and role of ordinal
information in economics. It raises questions about, and in certain instances provides
assurance for, current ordinal data practices in the measurement and evaluation of
impact. The goals of this thesis are to i) formally explore and organize certain
robustness issues that are inherent in analysis with ordinal data ii) introduce
methodologies that address these issues and can be applied to specific ordinal data
environments and iii) present related applications.

I begin with an exploration of the use of ordinal data in poverty measurement and
develop ordinal counterparts to existing cardinal poverty measures. This class of
measures is then extended to the multidimensional case and is adjusted in order to be
used for analysis that goes beyond poverty measurement, in particular for the context
of randomized evaluation of impact on multidimensional ordinal variables. These
multidimensional measures are then demonstrated with a randomized controlled trial
in Nicaragua where impact on ordinal psychosocial variables, pertaining to aspirations,
is evaluated. Finally, the dissertation ends with a pilot project that studies aspirations in
Washington DC’s underserved youth and is designed in such a way that it takes
advantage of the additional insights that my proposed measures offer.
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Chapter 1:

Introduction

Human capital can be broadly defined as the stock of one’s education, health, and
psychosocial capital, or, more generally, capital that resides within an individual.
Economists regard human capital to be an important component of the economic lives
and choices of individuals. Notably, it is often measured with ordinal data. This type of
data does not allow for the same kind of analysis that cardinal data allow for.
Psychologists and other social scientists have extensively used ordinal data in their
studies for the past 50 years. But it is relatively recent that applied economists include
ordinal variables, which are not measured on the real line, in their studies. Findings
that rely on ordinal data are robust when the research methodologies are based on
rank-correlation. However, most empirical studies in economics typically use
regression-based analysis. Such analysis may not be robust when using ordinal data as
if they are cardinal since regression findings rely on a mean-based aggregation of
ordinal information. Mean-based analysis assigns meaning to the distances between
ordered numbers on an ordinal scale.
In the field of Econometrics, there exist variations of the probit and logit estimation
models that are suitable for establishing causality when variables are recorded on
multiple ordered categories. This thesis however does not pertain to the estimation of
ordered thresholds for an underlying latent variable. Rather, it is concerned with the
aggregation of information captured by responses on ordinal scales and the use of such
aggregate measures in an evaluation setting. It is well known that the simplest form of
regression analysis that estimates the average treatment effect in randomized
evaluations can be reduced to the difference in conditional expectations: between
those who are treated and those who are not treated. Estimates of the average
treatment effect that rely on ordinal data may not be robust since conditional
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expectations are mean-based aggregations of ordinal information. 1

Ordinal indicators may be developed so that there is some form of assurance that the
distances between ordered categories are well defined, an example being the Likert
scale which is used for psychometric indicators. As was mentioned before, the
distances are not a concern for rank-correlation based analysis. But researchers may
care about distances in scales not only for the purposes of aggregation, which takes
place after the data has been collected, but also for collecting responses that match the
perception of distances by respondents 2. Often however, particularly in economics and
education, ordinal scales do not possess any logical assurance that the distances
between chosen ordered categories for an indicator are well defined. This holds true
even when each ordered state on a scale is assigned a specific description. Consider,
for example, an empowerment indicator that captures whether a woman is free to
leave her house. This indicator may have three ordered categories indicating the extent
to which she is allowed leave the house: The first category may be described as “not at
all”, the second category as “accompanied by her husband”, and the third category as
“alone”. Though these categories are logically ordered on an ascending empowerment
continuum, the distances between the ordered states are not well defined.

For the case that distances cannot be defended as being well defined, I propose robust
evaluation methods that ultimately aggregate individual ordinal responses of a chosen
population into an estimated aggregate index. 3

To do this, I borrow insights from the

poverty and inequality measurement literature. This literature conveniently lends itself
for this purpose due to its axiomatic structure. It explicitly studies whether properties

1

This concern only applies to cases of more than 2 ordered categories, not 0-1 binary information.
For example, respondents may perceive upper ordered categories as being closer to each other than lower
categories. The goal is to ensure that the ordinal scale reflects how respondents distinguish between ordered
categories.
3
The chosen population could be a conditional population in regression analysis.
2

2

of measures are satisfied based on how the available information, whether cardinal or
ordinal, is aggregated into a single index. Meaningfully aggregating data should lead to
robust measures that maintain the property of reflecting changes in information that
the researcher considers to be important. Treating the numerical representation of an
ordinal scale as cardinal is not a robust practice unless one is assured that the distances
between the ordered categories are well defined.

I propose ordinal measures that rely

on the ordering and the number of categories in an ordinal scale.

The simplest way with which ordinal data can be aggregated into a robust measure is
by dichotomizing ordinal information into two subsets of the ordered categories and
then assigning a value of zero and one to each of them. In the previous empowerment
example, a researcher may assign a value of zero to the first category “not at all” and
a value of one to the second and third ordered categories “accompanied by her
husband” and “alone”. This binary approach is often employed in practice and is useful.
It ensures that a mean-based aggregation leads to evaluation rankings that are robust.
However, the researcher may want the estimates to be sensitive to variation within the
upper two categories so that the information that was collected on leaving the house
alone or accompanied is also accounted for. For the case that the researcher wishes for
the aggregate measure to reflect the variation of responses within all ordered
categories, so that it is not silent in an evaluation, the binary approach is not sufficient.

With ordinal scales it is not always clear how average scores can represent a tangible
concept and whether their implicit measurement properties will affect their use in
evaluations. Can an increase in the -non cardinal and hence non-continuous- score be
meaningfully inferred as an outcome variable impact? When a resulting index is an
average, what is the interpretation that this average receives? In addition to these
inference issues, it is also important to understand whether the measures can be used
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robustly in regressions. When used in regressions, what measurement properties
ensure robustness in the evaluation rankings? To address all the above, I present five
chapters, including the introduction which is the first chapter.

The second chapter, introduces a class of unidimensional poverty measures that are
suitable for reflecting any change in observations from one ordered category to
another. Several of the most widely used measures in theoretical and empirical work in
development economics presuppose a dimension of well-being that, like income, is
cardinally measurable. Responding to recent interest in dimensions of well-being where
outcome variables are recorded on an ordinal scale, this paper introduces a general
methodology for constructing indices for ordinal variables that are robust to any
arbitrary choice of scale. It will also be shown how this methodology may be applied to
construct an ordinal analogue of the popular FGT class of poverty measures. The
resulting ordinal measures retain the simplicity of the classical FGT poverty measures
and some of their desirable features, including additive decomposability. Additionally,
they satisfy ordinal invariance.

In the third chapter, I explore the current use of ordinal data in evaluations. I use
randomized evaluation as a benchmark framework. Scales may be developed so that
the aggregation of individual responses within various indicators results in a score that
is intended for factor analysis and other similar methodologies. This kind of analysis
does not lead to ambiguous evaluations since it is driven by an underlying
rank-correlation approach. Economists’ recent interest in psychosocial capital has led
to increased popularity of these scales in empirical studies, particularly evaluations. In
applied studies, the aggregation of the numerical values of ordered responses into
single scores may appear as outcome variables in regressions. I re-examine the
average treatment effect through a measurement perspective, thus adding to our

4

understanding of the role of measurement in various types of evaluations using the
randomized evaluation framework as a benchmark. The findings apply to evaluations
that are randomized, retrospective, or assessments. I simulate randomized evaluations
and run robustness checks for a variety of ordinal scales. Evaluation reversals occur
with non-negligible incidence unless we are assured that the distances between
ordered states are equal or otherwise well defined. I then propose a class of
multidimensional measures for ordinal outcome variables that are useful for
evaluations.

In the fourth chapter, I present an applied theoretical framework of a randomized
controlled trial in Nicaragua. I evaluate the impact of an entrepreneurial package
intervention using the methodology introduced in the previous chapter. Self-reported
decision-making constructs are measured using dimensions which are recorded on
ordinal scales, and examined in order to evaluate the impact on those treated. The
applied framework adds to our understanding of the role of women’s aspirations in the
formation of their relative power in the household -which I represent by their Pareto
weight in the efficient household model. In the function of bargaining empowerment
the Pareto weight is not simply a function of aspirational levels. Rather, I introduce it as
a function of the aspirations gap. The efficient household model assumes that existing
preferences should be reflected in the Pareto weights. But by distinguishing between
the beneficiary meeting her aspirations and simply having pre-existing aspirations, I
challenge this assumption. I find that after holding aspirational preferences constant,
relaxing income generating constraints for women leads to higher intrahousehold
bargaining power levels or, equivalently, it leads to intrahousehold bargaining
empowerment for women. Interestingly, these results hold true even though overall
household income does not increase, which is in line with existing findings on the ability
to earn independent income and bargaining empowerment.

5

In the fifth chapter, I propose a pilot study which targets adolescent populations in
some of Washington DC’s most underserved communities. I design and propose to
implement a pilot attitudinal experiment in order to test the hypotheses derived from
an applied framework. I model underrepresentation as a poverty trap that is driven by
extrinsically updated subjective probabilities. I hypothesize that subtle social signals,
controlling for information, can lead to attitudinal reversals. The pilot will add to our
understanding of the role of many factors that contribute to the creation of aspirations
-and subsequently economic decision making such as staying in high school. Subjective
probabilities are recorded on ordinal scales, which I will then analyze using my
proposed methodology in the third chapter.
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Chapter 2:

Poverty Measurement with Ordinal Data4

2.1 Introduction
The Foster, Greer, and Thorbecke (1984) class of measures nests several of the most
widely used indices in theoretical and empirical work on economic poverty. Use of this
general class of indices, however, presupposes a dimension of well-being that, like
income, is cardinally measurable. Responding to recent interest in dimensions of
well-being where achievements are recorded on an ordinal scale, this paper introduces
a general methodology for constructing ordinal indices of poverty and, in particular,
shows how this methodology may be applied to construct an ordinal analogue of the
popular FGT class of indices. The resulting ordinal FGT indices retain the simplicity of
the classical FGT indices and also many of their desirable features, including additive
decomposability. To illustrate their use, we apply the ordinal FGT indices to
self-reported data on health status in Canada and the United States.

In the thirty years since it was first introduced, the FGT family of measures has become
the most widely used class in empirical work on the measurement of poverty. The
attractiveness of the FGT measures stems largely from their simple structure, their
ease of interpretation, and their sound axiomatic properties. Being defined by two
parameters, namely the poverty line  and a scalar measure of poverty aversion

α,

each member of the FGT class is easily computed as an average of the power function
defined by

α

whose argument is the normalized income shortfall from  . Specific

members include the well-known poverty gap, squared poverty gap, and headcount
ratio (i.e., the proportion of the population identified as poor).

4

Co-authored with Chris Bennett
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Use of the general FGT class of measures presupposes a dimension of well-being that,
like income, is cardinally measurable. Recently, however, considerable interest has
emerged in measures of aggregate deprivation in dimensions of well-being other than
income, and, in particular, in dimensions of well-being—for example, health,
education, empowerment, and social inclusion, etc.—which are often recorded on an
ordinal scale. 5 For example, individual level health data is often available in the form of
self-assessments in which survey participants are asked to characterize their health
status as either poor, fair, good, very good, or excellent. While it is common to assign
numerical levels such as 1, 2, 3, 4, and 5 to the individual responses and even for such
a scale to capture a sense of intensity, except for the headcount ratio, none of the FGT
measures are meaningful when applied to such data. As a consequence, “a crucial
emerging issue is how to measure poverty when data do not have the characteristics of
income, which is typically taken to be cardinal and comparable across persons ... Must
we retreat to the headcount ratio [with ordinal data], or can we continue to evaluate
the depth or distribution of deprivations—key benefits provided by the higher order FGT
measures when the variable is cardinal?” Foster, Greer, and Thorbecke (2010).

In this paper, we introduce a computational counterpart to the classical FGT class of
measures for use with variables measured on an ordinal scale. Our particular
construction gives rise to an ordinal counterpart to the FGT class of measures which (i)
has sound axiomatic properties; (ii) retains many of the attractive properties of the
classical FGT measures (including, for example, additive decomposability); and yet (iii)
is without the obvious shortcomings inherent in the application of conventional poverty
measures to ordinal data.

5
Problems surrounding the measurement of poverty with ordinal data are raised, for example, in Foster,
Greer, and Thorbecke (2010) and Alkire and Foster (2011a,b). Allison and Foster (2004) were the first to
stress the problems raised by ordinal data in the related context of inequality measurement. See Zheng
(2008), Abul Naga and Yalcin (2004), and Madden (2010) for more on the use of ordinal data in this latter
context.
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A particularly important concern that arises when applying measures to ordinal data
has to do with the arbitrary nature of the numerical values representing the various
levels of achievement. Specifically, because no individual is made better or worse off by
an order-preserving transformation applied to the levels of achievement and to the
poverty line, any suitable poverty measure (or at least its induced poverty ordering)
should be invariant to any such transformation. 6 However, it is easy to construct
examples in which the ordering of two distributions by virtually any existing measure is
reversed when the levels of achievement and poverty line are subjected to a positive
monotonic transformation.

The ordinal FGT measures developed in this paper not only avoid this obvious
shortcoming, but they also satisfy a number of other attractive properties. In the
literature on income poverty, for example, there are a number of core properties
generally regarded that any poverty measure should satisfy. A further contribution of
the present paper is our development of ordinal analogues of certain FGT properties,
and our verification of the axioms that are satisfied by our proposed measures.

We briefly review the FGT class of poverty measures. In the next section, we also
present an equivalent reformulation of this class which gives rise to an interesting
interpretation of the FGT measures. We exploit this novel reformulation to construct an
ordinal counterpart to the classical FGT measures. We then develop a formal axiomatic
framework for the measurement of poverty with ordinal variables and identify the
axioms that are satisfied by our proposed class of measures. In the final section, we
illustrate the application of our poverty measures to self-reported health data from the
6
This point is emphasized in Alkire and Foster (2011b, p. 306) where they state that “the key requirement
for ordinal data is that if the cut-off and variables are changed by a monotonic transformation, the level of
poverty must remain unchanged, and the same people must be identified as poor.” Also, Allison and Foster
(2004) discuss this problem in the context of measuring inequality with self-reported health data.
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United States and Canada. When applied to this dataset, our measures suggest that
there is unambiguously greater ill-health in the United States than in Canada for the
bottom 20% of their income distributions.

2.2 The FGT Class of Poverty Measures
Foster, Greer, and Thorbecke (1984), hereafter FGT, introduced the class of poverty
measures 7

π α , (Y ) = EY [[ g (Y ; )]α 1(Y ≤ )] α ,  ∈  +

(2-1)

where Y is income,  is the poverty line, g ( y; ) = ( − y ) /  is the normalized
income shortfall, and 1(⋅) is the indicator function which is equal to one if the
argument is true and equal to zero otherwise. 8 The parameter

α

which appears in

(2-1) controls the degree to which shortfalls are penalized and is therefore often
interpreted as an indicator of “poverty aversion.” The resulting parametric class nests
several of the most widely used measures in both theoretical and empirical studies of
poverty measurement. When

α = 0 , for example, the measure reduces to
π 0, (Y ) = P[Y ≤ ]

which is the proportion of the population in poverty, commonly known as the
headcount ratio. When

α = 1,

the FGT class gives rise to the poverty gap measure

which has a simple interpretation as the average normalized shortfall. The squared
poverty gap measure, which reports the average of the squared normalized shortfalls,
also emerges from the FGT class upon setting

α = 2 . The popularity of these measures

stems not only from their ease of interpretation—being based on powers of normalized
7

The FGT class of measures is commonly denoted by

P1

is the poverty gap measure, and

P2

Pα , where, for example, P0

is the headcount ratio,

is the squared gap measure. Here, we depart from this

conventional notation because of our later usage of probability measures and, hence, our desire to prevent
any possible confusion between these objects.
8
Here, as throughout, we adopt the strong definition of the poor (Donaldson and Weymark 1986) under
which the poor consists of all individuals with achievement level less than or equal to the poverty line.
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shortfalls—but also from their sound axiomatic properties which include the attractive
additive decomposability and subgroup consistency properties. For a detailed account
of the FGT class of measures, including a discussion of the axiomatic foundations and
related literature, the reader is referred to Foster, Greer, and Thorbecke (2010).

The classical formulation of the FGT class of measures in terms of “shortfalls” relies
critically on a well-defined notion of distance between an individual’s level of income
and the poverty cut-off. While this formulation is quite natural and appealing in the
context of income poverty where the distance between an individual’s level of income
and the poverty cut-off is not only meaningful but also quite easy to interpret, it does
not carry over in any natural way to situations in which the variable of interest has only
ordinal significance. Our objective in this section is to develop an alternative
formulation of the FGT class of measures which not only gives rise to a novel
interpretation of them as the expected outcomes of particular income lotteries, but
which also allows us to adapt the FGT class quite naturally to situations where the
underlying variables are ordinal.

To begin, let F denote the distribution of income and Y denote a random draw from

F . Also, let U l be the random variable which is uniformly distributed on [0, ] but
which is stochastically independent of Y . We then define the survival function of
as

G ( y ) = P[U  ≥ y ] ,

and for

(α )

α >0

U

we denote by U α , the random variable with

α

survival function G ( y ) ≡ [G ( y )] . Lastly, in the case

α = 0 , we define U 0,

to be a

random variable which has probability mass one at  . With U α , in hand, we introduce
the binary random variable

11

Iα , = 1(Y ≤ U α , )1(Y ≤ ).

(2-2)

Thus, I α , is equal to one if, and only if, an individual’s income generated from F is
less than the poverty line and less than the realization of the random draw U α , from
incomes below the poverty line.

Of particular interest for the measurement of poverty is the expected value of this
variable, namely

EY ,U [1(Y ≤ U α , )1(Y ≤ )] = EY ,U [Iα , ]
α ,

α ,

= P[Iα , = 1],

(2-3)

which is the probability that an individual would be better off with the realization of

U α , rather than the realization of Y . In order to connect this probabilistic statement
to classical approaches to poverty measurement, consider taking expectations of (2-2)
first with respect to U α , . Doing so yields

EY ,U

α ,

  −Y α

[1(Y ≤ U α , )1(Y ≤ )] = EY (
) 1(Y ≤ )  ,
 


which is the FGT measure

(2-4)

π α , (Y ) . Consequently, we see that each member of the FGT

class of measures when applied to income has a dual interpretation: first, as the
average of (a functional of) normalized income shortfalls; and second, as the
probability of accepting the income which is drawn at random from the poor incomes
(α )

according to G

.

When we reverse the order of expectations we obtain an alternative formulation of the
FGT class of measures as

12

EY ,U [1(Y ≤ U α , )1(Y ≤ )] = EU [ FY |Y ≤ (U α , )] × P[Y ≤ ]
α ,

α ,

= EU [ F (U α )]

(2-5)

α ,

for

α ,  ∈ + .

Equation (2-5) shows that each member of the FGT class is also

equivalent to an expected headcount, where the expectation is with respect to a
random variable from the set {U α , , α ≥ 0} . That is, imagine using the realization of

U α , as the poverty line in the computation of the headcount. The last line of equation
(2-5) shows that the FGT measure with parameters ( α ,  ) is in fact equivalent to the
average of the headcounts corresponding to the various realizations of U α , .

This latter formulation of the FGT class of measures gives rise to an interesting
reinterpretation in the spirit of Harsanyi (1953) and Rawls (1999), where one’s value
judgement on the distribution of income corresponds to a hypothetical situation in
which an individual has complete ignorance of her own relative position in society and
instead faces an income lottery. When

α = 1 , for example, the income lottery is such

that the individual has the same chance of obtaining the lowest income as any other
level of income up to the poverty line. The expectation in the last line of (2-5)

may

therefore be interpreted as the percentile of the income distribution an individual, say,
would expect to find herself in if faced with the prospect of drawing her income at
random from a U [0, ] distribution.
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Figure 2-1: FGT measures as expected outcomes of an income lottery

(a) Comparing the values of two hypothetical
CDFs at random draws

When

u1

and

(b) Distributions generating the ui for various
levels of α ]

u2 ]

α = 2 , the measure may again

be interpreted as an expected percentile albeit

with the expectation taken with respect to the distribution 1 − G ( y ) . Because the
(2)

distribution 1 − G ( y ) as depicted in Figure 2-1(a) is everywhere above the uniform
(2)

CDF (i.e., is stochastically dominated by the uniform CDF), there is a lower chance of
observing a draw close to the poverty line (i.e., the probability of observing
than

u1

u2

rather

in Figure 2-1(a) has fallen) and hence the corresponding percentiles

contribute less to the expected value. This interpretation is also equivalent to regarding

π 2,

as a weighted average of the headcount ratios evaluated at all incomes in the

interval [0, ] , but with weights tilted towards the poorest of the poor. Similar
interpretations may be obtained for

α > 2.

In general, rather than framing the FGT measures in terms of average (normalized)
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shortfalls, the modified formulation obtained in the last line of equation (2-5)

frames

each FGT measure as an expected value of headcount ratios. Because shortfalls are no
longer interpretable in the case of ordinal variables, whereas headcount ratios and
even averages of headcount ratios are, the latter interpretation suggests that the FGT
class of measures can be adapted so as to apply to ordinal variables.

2.3 Extending the FGT class of measures to ordinal variables
In this section we seek to extend the FGT class for use with measures of achievement
that are recorded on an ordinal scale. We assume that the number of ordered
categories of achievement, denoted by

S = { y1 , y2 , , yn }

n , is exogenously determined, and we let

denote a numerical representation where

yi +1 > yi . 9

Let F record

the distribution of achievements for a given population, and denote by Y a random
draw from F . Thus,
of achievement

y1 ,

F ( y1 )

is the proportion of individuals in the population with level

whereas

F ( yk ) − F ( yk −1 )

population with level of achievement

yk

is the proportion of individuals in the

. We allow for the possibility that F

apportions zero probability to one or more of the

Given a pre-specified poverty line

n levels of achievement.

 ∈ { y1 , , yn } , we then define U S ,

to be a random

variable which is uniformly distributed on S ∩ [0, ] . Also, we define the survival
function GS , (u ) = P[U S , ≥ u ] , and let U α , S , denote a random variable with survival
function

GS(α,) ( y ) ≡ [GS , ( y )]α for α > 0 . In the case α = 0 , we define U 0, S , to be a

random variable which has probability mass one at the poverty line  . With U α , S , in
hand, define the random variable

9

The numerical representation is arbitrary apart from the restriction that
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0 ≤ y1 <  < yn < ∞ .

Iα , = 1(Y ≤ U α , S , )1(Y ≤ ).

(2-6)

The random variable Iα , is the analogue of the binary random variable previously
defined in (2-2) and has a similar interpretation. Specifically, the variable Iα ,
assumes the value 1 if, and only if, the realization of Y according to F falls at or
below the realization of U α , S , according to

GS(α,) . The expected value of Iα , is again

the probability that an individual would be better off with the realization of U α , S , as
their level of well-being than the realization of Y . Expressed in terms of an average of
headcounts, we have

π α , (Y ) = EY ,U

α , S ,

[1(Y ≤ U α , S , )1(Y ≤ )]

= EU [ FY |Y ≤ (U α , S , )] × P[Y ≤ ]
α ,

(2-7)

= EU [ F (U α , S , )].
α ,

Because the distribution of U α , S , has its support restricted to the set S ∩ [0, ] , the
classical formulation of the FGT class of measures in terms of shortfalls is no longer
recovered from (2-7) by simply reversing the order of integration. Notice, however,
that if Y is indeed a cardinal random variable with support on the positive reals, then

S ∩ [0, ] = [0, ] , in which case U α , S , is as defined in (2-2), and the classical FGT class
is recovered by reversing the order of integration. In this sense, the formulation of

π α ,

in (2-7) may be seen to nest the classical FGT measures.

Irrespective of whether the underlying variable is ordinal or cardinal, the modified
formulation in (2-7) retains the interpretation as an average headcount (or expected
percentile) and also the dual interpretation as an expected poverty status. For
example, when

α = 1 , one’s value judgement corresponds to the expected percentile
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in the distribution of levels of achievement in society when an individual has complete
ignorance of his own relative position in society and instead faces a lottery with the
same chance of obtaining the lowest level of achievement as any other possible level of
achievement up to the poverty line.

It is worth emphasizing that the key distinction between (2-7) and the classical
formulation of the FGT measures—cf., equation (2-5)—lies in the expectation being
over a potentially finite number of states

y1 , , yk

where

yk ,

is the most preferred

state for which someone is still identified as poor, rather than necessarily being over
the continuum [0, ] . It is also important to emphasize that this distinction is not
merely technical: when Y is a cardinal variable, such as income, distances between

y1

and

yk , or between y1

and any

y ∈ [ y1 , yk ]

are well defined; in contrast, when Y

is ordinal, distances are no longer meaningful and, moreover, “levels” of achievement
outside of the set

{ y1 , y2 , , yn }

are not well-defined.

In addition to retaining precisely the same interpretation, the ordinal class of FGT
measures as defined in (2-7) also retain the computational simplicity of the classical
FGT class of measures. To see this, suppose that Y is an ordinal random variable with
distribution

( p1 , y1 ;; pn , yn ) .

Also, for concreteness, suppose that

enumerating the values of the survival function for any fixed

[GS , ( yk − j )]α = (

j +1 α
) ,
k

 = yk . 10

α > 0 , we obtain

j = 0, , k − 1.

Note that

10

Incidentally, because the support of the random variable

U α , S ,

is

{ y1 , , yn } ∩ [0, ] , the

computational formula is the same for any value of the poverty line in the interval
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[ yk , yk +1 ) .

Then,

[GS , ( y1 )]α = 1.
The probability mass at y j is thus given by

α

P[U α , S ,

α

 k − j +1   k − j 
= yj] = 
 −

k

  k 

(2-8)

for j ∈ {1, , k } . With the probability mass function (2-8) in hand, we immediately
obtain the computational formula for the ordinal measure

π α ,

for any

 k − j + 1 α  k − j α 
p α , (Y ) = ∑F ( y j ) 
 −
 
k
  k  
j =1


α >0

as

k

α

 k − j +1 
= ∑p j 

k


j =1
k

where F ( y j ) =

∑

i≤ j

(2-9)

pi , and the last line follows as a consequence of Abel’s partial

summation formula Apostol (1974).

2.4 Properties of the Ordinal FGT Class of Measures
A number of intuitively appealing desiderata (axioms) have been put forth in the
literature on income poverty; see, for example, Zheng (1997). While some of these
axioms carry over without modification to the present context (e.g., the focus,
symmetry, and replication invariance axioms), many do not. In fact, a number of
axioms which are widely considered to be intuitively appealing in the context of income
poverty become rather unappealing when the underlying measure of achievement has
only ordinal significance. In this section, we collect—and suitably reformulate when
necessary—a set of core axioms for poverty measurement with ordinal variables. We
also identify the particular axioms that are satisfied by various members of our
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proposed parametric class of ordinal FGT measures.

A particularly important issue that arises in the context of measurement with ordinal
data has to do with the arbitrary nature of the numerical representation assigned to the
levels of achievement. Specifically, because no individual is made better or worse off by
an order-preserving transformation applied to the levels of achievement and to the
poverty line, any suitable poverty measure (or at least its induced poverty ordering)
should be invariant to any such transformation. This leads to the following invariance
axiom:
Axiom 2.1 (Ordinal Invariance): Suppose that  is given and that Y
distribution

( p1 , y1 ; p2 , y2 ;; pn , yn ).

has

I f g : R → R is monotone increasing, then

π α , (Y ) = π α , g (  ) ( g (Y ))
for every

 ∈ { y1 , , yn }

and all

α > 0.

Ensuring that the ordinal FGT measures satisfy Ordinal Invariance is particularly
important in allowing us to apply the measure to ordinal variables as it implies that only
changes in individuals’ ranks in society can produce changes in the measured level of
poverty. To see this more clearly, let Y be an ordinal random variable with distribution

( p1 , y1 ;; pn , yn ) .

Also, for concreteness, consider the case

α =1

so that U1, S , is

uniformly distributed on S ∩ [0, ] (again independent of Y ), and suppose that

 = yk . Then,
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p 1, (Y ) = EY ,U

1, S , 

= EU

1, S , 

=

[1(Y ≤ U1, S , )1(Y ≤ )]

[ FY |Y ≤ (U1, S , )] × P[Y ≤ ]

1 k j
∑(∑ pi )
k j =1 i =1
k

∑p

(2-10)

× P[Y ≤ ]

j

j =1

=

( p + p2 +  + pk )
p1 ( p1 + p2 )
+
+ + 1
k
k
k

Now suppose that Y is subjected to a positive monotonic transformation which gives
rise to
variate

Y ≡ g (Y )

with distribution

( p1 , y1 ;; pn , y n )

. The corresponding random

U1, S , is then, by definition, uniformly distributed on [ y1 , y 2 , , y k ] . We then

have

p 1,m (  ) (Y ) = EY ,U

1, S , 

[1(Y ≤ U1, S , )1(Y ≤ g ())]

= EU  [ FY |Y ≤ (U1, S , )] × P[ g (Y ) ≤ g ()]
Y ,1

=

1 k j
∑(∑ pi )
k j =1 i =1
k

∑p

× P[Y ≤ ]

(2-11)

j

j =1

=

( p + p2 +  + pk )
p1 ( p1 + p2 )
+
+ + 1
k
k
k

so that the modified FGT measure is unchanged. Invariance of the general class of
ordinal FGT measures to positive monotonic transformations may be verified with only
a slight modification of the argument presented above and, hence, the proof is omitted.

If one accepts Ordinal Invariance as a basic axiom in the context of poverty
measurement with ordinal data, then outside of our ordinal FGT measures there is
currently no option other than to employ the headcount ratio as it is the only measure
in the FGT class that does not violate these elementary conditions. However, the
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well-known shortcomings associated with the headcount ratio as a measure of poverty
make the use of this measure in the context of ordinal data most unfortunate. Indeed,
it was Sen’s influential 1976 paper in which he pointed to the failure of the headcount
ratio to satisfy a basic monotonicity axiom and a transfer axiom that gave impetus to
the now vast literature on poverty measurement. Fortunately, the class of ordinal FGT
measures can avoid these shortcomings. To be more precise, let
states of poverty where

y j  yi for any

y1 , , yk

denote the

j > i with "  " denoting the strict

preference relation. The monotonicity axiom in the case of income poverty relates to
the response of a poverty measure to an increase or decrease in a single individual’s
level of income. When translated into statements about the distribution, such an
increase or decrease amounts to a transfer of probability mass. Consequently, we
formulate the ordinal analogue of Sen’s monotonicity axiom as follows:

Axiom 2.2 (Monotonicity): Let  be given and suppose that

∑

i≤k

( p1 , p2 , , pk )

with

pi ≤ 1 denotes the distribution of Y in each of the corresponding k states of

poverty. If

Y has the same distribution as Y with the exception that p j = p j − ε for

some j ∈ {1, , k } and

p i = pi + ε

for some

i < j , then π α , (Y ) > π α , (Y ) . 11

Similarly, transfer in the context of income poverty relates to the response of a poverty
measure to the reallocation of income from one individual to another. When translated
into statements about the distribution, a transfer shifts the rank of both individuals
and, hence, amounts to two separate transfers of probability mass.

11

Implicit in our statement of the monotonicity axiom is that

0 < ε ≤ p j . Similar restrictions on the

transfer of probability mass is maintained in our statement of transfer axiom.
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Axiom 2.3 (Transfer): Let  be given and suppose that

∑

i≤k

( p1 , p2 , , pk )

with

pi ≤ 1 denotes the distribution of Y in each of the corresponding k states of

poverty. If

p i = pi − ε

Y is generated from the distribution of Y by transfers of probability mass
offset by

π α , (Y ) > π α , (Y )

p i − m = pi − m + ε , and p j = p j − ε

whenever

 j + m = p j + m + ε , then
offset by p

1 ≤ i − m < m ≤ k and i ≤ j with i, j , m ∈ S ∩ [0, ] .

We now show that the ordinal FGT class of measures satisfies Monotonicity when

α >0

α > 1 . To do this we use the formula for π α ,

and Transfer when

of (3 1), and suppose that

( p1 , y1 ;; pn , yn )
suppose that

Y with distribution (q1 , y1 ;; qn , yn ) is obtained from

by shifting probability mass from

qi = pi − ε

and

in the first line

qi − m = pi − m + ε

for some

to

pi − m

. More precisely,

ε >0

with

m + 1 ≤ i ≤ k . The

pi

difference in the levels of poverty according to the measure

π α ,

is then given by

α
α
  k − j + 1   k − j  
−
 
 
k
  k  
j =1  r =1
 
k
 k − j + 1 α  k − j α 
= ∑ε 1(i − 1 ≤ j ≤ i ) 
 −
 
k
  k  
j =1

k



j


= ∑  ∑(qr − pr )  
pp
α ,  (Y ) − α ,  (Y )

α >0

is thus verified upon noting that the second

α >0.

The transfer axiom is closely related to the

That Monotonicity is satisfied for
line is strictly positive for any

(2-12)

monotonicity axiom, albeit it involves two transfers of probability mass in equal
amounts of, say,

ε . If Y

poverty as measured by

denotes the outcome of such a transfer, then the effect on

π α ,

is of the form
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π α , (Y ) − π α , (Y ) =

k

∑ε [1(i ≤ r ≤ i + m) − 1( j − m ≤ r ≤ j )]
r =1

 k − r + 1 α  k − r α 
× 
 −
 ,
  k  
 k

where

(2-13)

i, j , and m are integers satisfying i + m ≤ j . Clearly, such transfers have no

net effect on poverty when

α = 1,

and are poverty decreasing only when

π α ,

follows that the class of poverty measures

satisfy Transfer whenever

α

α > 1.

It

exceeds

1.

The last set of axioms we wish to consider are Additive Decomposability and Subgroup
Consistency. Both are satisfied by the classical FGT measures and are widely
considered to be important since they “allow poverty to be evaluated across population
subgroups in a coherent way”, (Foster et al 2010, p. 492). These axioms are stated
formally below:

Axiom

2.4

(Additive

Decomposability):

distributions of achievement
achievement

P1

and

P2 ,

Suppose

that

Y1

and

Y2

have

and suppose that Y has distribution of

P = λ P1 + (1 − λ ) P2 . Then,
π α , (Y ) = λπ α , (Y1 ) + (1 − λ )π α , (Y2 ).

Axiom 2.5 (Subgroup Consistency): Suppose that
achievement

P1

P = λ P1 + (1 − λ ) P2

and

P2

, and suppose that Y

. Also, let

X1 , X 2

, and X
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Y1

and

Y2

have distributions of

has distribution of achievement
have distributions

Q1 , Q2 ,

and

Q = λQ1 + (1 − λ )Q2 , respectively. Then,

π α , (Y ) < π α , ( X )
whenever

π α , (Y1 ) < π α , ( X 1 )

and

π α , (Y2 ) = π α , ( X 2 )

Verifying that the ordinal FGT measures satisfy Additive Decomposability and Subgroup
Consistency is straightforward in light of the linearity of the expectations operator. The
details are therefore omitted.

2.5 A Useful Computational Representation
With ordinal data, there are

K ordered categories or states of achievement

represented numerically by an ordered set

 = { y1 , y2 , , yK }

in such a way that

yi > y j if, and only if, state i is preferred to state j . 12 The observed levels of
achievement in a population of size

N are recorded in y ∈  N and individuals within

this population are identified as “poor” if they fall into one of the
equivalently if their level of achievement falls at or below

k worst states, or

yk , where yk < yK .

To demonstrate the computational connection to the classical FGT indices, let

G

denote the cumulative distribution function that assigns equal probability to the
potential achievement levels in  . The cumulative distribution
mathematical device that maps a given ordered response
(normalized)

G ( yK ) = 1

achievement

rank

G (y i ) ∈ {

G (⋅)

yi ∈ 

is a convenient

to its corresponding

1 2
, , ,1} . Thus, for example,
K K

becomes the highest achievement rank and G ( y j ) = j / K becomes the

12
The number of states can be countably infinite. Our focus on the case where the number of states is finite
is, however, without loss of generality.
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ordered response rank of an individual in the

j th

response. With the distribution of

(normalized) achievement ranks and poverty rank cut-off defined as

x ≡ (G (y1 ), G (y 2 ), , G (y N )) ∈ [0,1]N ,
and

z ≡ G ( yk +1 )

, respectively, the proposed indices

π α ( y , yk )

,

α >0

—which

operate on the levels—can be presented as

1
Πα (x; z ) =
N

α

 z −xj 

 1(x j < z ), α > 0
∑
j =1  z − G ( y1 ) 
N

(2-14)

which operate on the (normalized) ranks, with 1(⋅) denoting the indicator function.

The representation of our proposed measures in (2-14), which is formulated in terms of
(normalized) ranks, is identical to the computational formula for the classical FGT class
of indices with the exception that the normalizing constant is

z − G ( y1 )

rather than

z.

It is worth noting that (2-14) is not a unique representation of our proposed measures.
Intuitively, the proposed measures are an

α

-weighted average of the observed

headcounts that correspond to all ordered categories at and below the chosen category
that serves as the poverty line. The (2-14) representation of the measures in terms of
(normalized) ranks is particularly useful as it assigns a value to every individual
observation. This is a computational convenience should the researcher wish to use
these measures in regression analysis which I explore in chapter 3 of the thesis.

2.6 Empirical Illustration
We now illustrate the ordinal FGT measures using self-reported health statuses in
Canada and the United States from the Joint Canada/United States Survey of Health

25

(JCUSH). In these surveys, approximately 3,500 Canadian and 5,200 U.S. residents
rated their individual health as either poor, fair, good, very good, or excellent. Due to
the complex sampling design and over-sampling of certain populations, sampling
weights have been appended to the survey data by the Centers for Disease Control and
Prevention and Statistics Canada to render the samples representative of their
respective populations. We use these sampling weights in our subsequent analysis.
Table 2-1: Ordinal FGT
Headcount (α=0) and Ordinal FGT measure (α=1) decomposed by income quintiles.
Estimates based on 2,960 and 3,815 Canadian and U.S. respondents from the 2003
Joint Canada/United States Survey of Health.

Measure

Country

USA
Headcount,

α =0

CAN

USA
Ordinal
FGT, α = 1
CAN

Income
Quintile
All
1
2
3
4
5
All
1
2
3
4
5
All
1
2
3
4
5
All
1
2
3
4
5

Cut-Off
1
0.037
0.087
0.052
0.014
0.012
0.008
0.032
0.051
0.054
0.032
0.013
0.005
0.037
0.087
0.052
0.014
0.012
0.008
0.032
0.051
0.054
0.032
0.013
0.005

2
0.136
0.243
0.202
0.096
0.057
0.056
0.111
0.154
0.170
0.104
0.084
0.042
0.087
0.165
0.127
0.055
0.034
0.032
0.072
0.102
0.112
0.068
0.049
0.023

3
0.398
0.532
0.497
0.398
0.288
0.247
0.384
0.495
0.467
0.362
0.337
0.249
0.191
0.287
0.251
0.170
0.119
0.104
0.176
0.233
0.230
0.166
0.145
0.098

4
0.732
0.790
0.783
0.750
0.684
0.644
0.757
0.820
0.810
0.756
0.746
0.651
0.326
0.413
0.384
0.315
0.260
0.238
0.321
0.380
0.375
0.314
0.295
0.236

5
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
0.461
0.530
0.507
0.452
0.409
0.391
0.456
0.504
0.500
0.451
0.436
0.389

We apply the ordinal FGT measures to examine health deprivation or health poverty, as
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well as to examine health poverty when the population is decomposed by income
quintiles. We begin by considering the headcount ratios ( α

= 0 ) in each country and at

various cut-offs. 13 As can be seen in Table 1, more U.S. residents as a proportion of the
population report their health as being less than or equal to poor, fair, or good, than do
in Canada. On the other hand, Canadians are less likely than U.S residents to rate their
health status as excellent.

For

α = 1,

the ordinal FGT measures suggest that health status in the U.S. is worse

than in Canada for every cut-off. Perhaps more interestingly, the decomposition by
income quintiles demonstrates that the greatest contribution to the disparity between
the two countries occurs at the lowest income quintile. In other words, the disparity in
health statuses between the two countries is greatest at the bottom income quintile
where the self-reported health statuses of income poor U.S. residents are being
compared to self-reported health statuses of income poor Canadians. The

α =1

case

provides us with more insight into the distribution of the poor than the headcount ratios
do by themselves. Such insight may be helpful to policymakers when designing and
targeting their health-care policies.

These data can also be used to illustrate the simple interpretation of the ordinal FGT
measures provided above. For example, if we focus on the first income quintile and a
cut-off of 2, we observe that the FGT measures when

α =1

are 0.165 in the U.S. and

0.102 in Canada. Consequently, we have that 165 out of every 1,000 U.S. residents
would prefer

14

an equiprobable lottery from the two lowest states of health rather than

13
A similar analysis using the headcount ratio to look at poverty with self-reported health data was
performed in Allison and Foster (2004).
14
Strictly speaking, this is not a decision-making setting. The agent wouldn’t necessarily “prefer” one lottery
to another. The description is meant to capture a probabilistic interpretation where she is more likely to be
facing better odds for ending up in a higher rank in the two-state lottery than the random draw from the
overall distribution.
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draw their health status from the actual distribution of health in society. In contrast,
only 102 out of every 1,000 Canadian residents would prefer the equiprobable
two-state lottery over the random draw from the societal distribution in Canada.

2.7 Concluding Remarks
In this paper, we have considered the issue of poverty measurement in the context of
ordinal data. In particular, we have developed a new class of ordinal measures that
retains many of the attractive properties of the FGT class of measures (including, for
example, additive decomposability) and yet is without the obvious shortcomings
inherent in the application of conventional poverty measures to ordinal data.
Additionally, we have established a set of dominance conditions, which enable us to
give welfare interpretations to our measures, and also allow us to obtain poverty
rankings that are robust to the choice of poverty lines.

Applying the ordinal FGT measures to ordinal data on health statuses in Canada and the
United States, we find that U.S. residents are health poor relative to Canadians at lower
cut-offs when

α = 0 . When α

is increased to 1, however, the ranking is robust to the

choice of poverty line since U.S. residents are found to be health poor relative to
Canadians at all cut-offs. Interestingly, this latter finding suggests that the proportion
of residents who would prefer an equiprobable lottery from the five states of health
rather than draw their health status from their actual distribution of health in society is
greater in the United States than in Canada. A decomposition by income quintiles also
demonstrates that the greatest contribution to the disparity in health statuses between
the two countries is greatest at the bottom income quintile where the self-reported
health statuses of income poor U.S. residents are being compared to self-reported
health statuses of income poor Canadians. Overall, our analysis suggests that the
ordinal FGT measures for

α ≥1

provide us with considerably more insight into the
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distribution of the poor than the headcount ratios do by themselves.
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Chapter 3: What’s the Deal with Ordinal Outcome
Variables in Evaluations?
3.1 Introduction
Ordinal scales have allowed researchers to include ordinal dimensions in their studies
and treat them as an important component of the economic lives and choices of
individuals. There has been a growing and long standing interest in evaluations, often
designed by economists, that are largely inclusive of non-material aspects of wellbeing.
Yet due the qualitative nature of the ordinal outcome variables of interest, -such as
empowerment, health, aspirations etc. - they are not measured in dollar units. Rather,
they are measured by observations on ordinal scales which do not offer the ease of
analysis that cardinal variables do. They are not continuous or differentiable.

Significant challenges exist in the social sciences, education, and economics when
dealing with ordinal data. Though we can say that someone is happier one day than
another we cannot claim that someone is twice as happy at one point in time than
another nor assign a meaningful number to a magnitude of happiness. Yet we can rank
one day’s happiness to another, for example: “today I am happier than yesterday".
Much of the discussion on ordinal data has focused on the interpersonal comparability
of respondents, and the validity, reliability and explanatory power of ordinal indicators
that measure various constructs (see Strauss, and Thomas (1996) for a comprehensive
discussion of the measurement and mismeasurement of social indicators in applied
economics). Aside from these issues however, there is an additional concern that arises
a posteriori -once the ordinal data have been collected and the aforementioned,
commonly discussed, issues have been considered. This thesis focuses on the
challenges involved in evaluations, either in the form of regression analysis or an
assessment, when outcome variables are ordinal. (see Hansen, Lemke, and Sorensen
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(2014) for a discussion of ordinal indicators in educational assessments of personnel
evaluations).

The plethora of ordinal psychometric scales in the psychological measurement
literature suggests that “soft” dimensions are measurable and it is now standard
practice to include some of them in questionnaires and surveys in applied economics.
Psychometric scales, in particular, were originally developed in order to be analyzed
with rank-correlation-based methodologies, such as factor analysis and principal
components analysis. For example, Kahneman, and Krueger (2006) study the
measurement of subjective wellbeing and keep their analysis within a rank-correlation
setting. Following this trend in economics RCTs, and other evaluations, encompass
broader efforts to incorporate non-material variables, such as psychosocial variables,
where researchers develop ordered responses for certain indicators they consider to be
important to their study. Examples include empowerment indicators, self-reported
health, aspirations, and observational data that may be recorded by an assessor. The
absence of assurance that distances between ordered categories of responses are well
defined may raise concerns in an evaluation setting when the analysis goes beyond the
rank-correlation environment and requires a mean-based approach.

An additional area of interest is that of educational assessments. Teacher evaluations,
for example, are averages of normalized ordinal scales yet it is not straightforward how
to interpret many of these aggregate measures. Hansen, Lemke, and Sorensen (2014)
discuss the interpretational difficulties associated with the widely used “profile
approach” and they stress that the aggregate score is not easily interpreted and
understood by policy makers. Feature normalization is a scale invariant normalization,
however the meaning of the rescaled variable is not well defined. Subjective criteria are
put forward by policy makers and researchers when choosing an aggregation method
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that ultimately leads to a single score which then facilitates school rankings and
assessments.

In RCTs there are many instances in which a collection of ordinal items in an evaluation
is intended to measure a single construct. Aggregating the observations or responses
to ordinal items into a single score, so that it is sensitive to variation within all ordered
categories, may be desirable in an evaluation setting. For example, observational data
for multiple items can be recorded on ordered states such as unsatisfactory, emerging,
proficient, accomplished, distinguished. These need to be aggregated for multiple
indicators into a single score in order to evaluate impact on these outcome variables yet
the distances between the ordered categories are not well defined. Researchers
collecting observational data may not agree on whether the ordered states
accomplished and distinguished are closer than the ordered states unsatisfactory and
emerging.

For the case that researchers wish to include aggregations of multiple ordinal indicators
in regressions as outcome variables and for the case that aggregate indicators are used
to rank various entities, such as schools, relying on mean-based aggregates, I explore
the problems that may arise and then propose one possible way to address them. I
examine the average treatment effect, the simplest of evaluations, through a
measurement perspective. It is well known that the average treatment effect
essentially reduces to the comparison of two means which are estimated by conditional
expectations (see Wooldridge (2002)). The comparison of means is also the tool of
analysis in educational assessments. Meanwhile, it has been well established in the
poverty and inequality measurement literature, in Allison, and Foster (2004), that the
comparison of means when using ordinal data can lead to reversals in the
mean-rankings. I borrow insights from the poverty and inequality measurement
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literature, which is a literature that follows an axiomatic approach, in order to
understand how the properties of measures can determine whether evaluations are
robust to reversals when outcome variables are ordinal.

The binary approach, which is often employed in order to avoid the ambiguity that
arises with ordinal data, addresses these concerns and ensures that the scores reside in
probability space. This approach has historically been popular among applied
economists and ignores the variability within information that may have been recorded
on a scale that has more than two categories. In these cases, the aggregation method
becomes particularly important.

A key feature of the methodology I propose is that the standard practice of
dichotomizing variables on a scale that contains more than two ordered categories is no
longer necessary. The measures have an intuitive interpretation and are suitable for
reporting the evaluation of impact in understandable terms. The aforementioned
concerns may have also become a reason for ordered responses beyond two categories
to be avoided all together in questionnaires. This is an additional cost to be considered
when developing items that could be best captured with multiple ordered categories.

Responding to these concerns, I propose a class of multidimensional ordinal measures
that are particularly suitable for application in the context of evaluation and
assessments and can be used as outcome variables in regressions. Some of the
measures in this class are sensitive to movement across the full set of information that
has been recorded by multiple ordered categories. A particular measure from this class,
for example, has an intuitive interpretation where the aggregate score is an average of
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average cumulative frequencies and has a likelihood interpretation. 15

3.2 Evaluation reversals
I simulate evaluations in order to explore the magnitude of the issue at hand. Though
a demonstration of an evaluation reversal could be performed on an existing RCT or
assessment drawn from applied economics or education, this would not allow us to
appreciate how big of a problem this can be overall. For meta-analytic purposes it is
useful for researchers to have an estimate of the probability with which such reversals
could occur. In a similar spirit Bertrand, Duflo, and Mullainathan (2004) use simulations
in

order

to

present

an

appreciation

of

serial

correlation

issues

in

difference-in-difference estimations.

I check the incidence of reversals from simulations that occur with randomly generated
non-linear transformations of an ordinal scale 16. I simulate randomized controlled trials
and use randomly generated distributions of ordinal observations. I hypothesize that
evaluation reversals occur with a probability that is equal to zero. Simulation results
suggest that the incidence of reversals is non-negligible. After simulating 120, 000
distributions the incidence of reversals averaged between 4 and

13 per cent of the

time. The choice of a numerical representation of a scale can often be arbitrary as is
frequently demonstrated by questionnaire items in evaluations in applied economics
and education. The results of the robustness checks that I performed in Matlab (see
Appendix A for details) suggested that a non-negligible per cent of evaluations could be

15
Deciding on the ordered states of an indicator is beyond the scope of this paper. Social scientists devote
much of their resources to this particular concern. For example, “no wall at all" is worse than a “dirty wall".
But what if the category of “no wall" was not ever included? This is a new category below the existing lowest
one and could indeed be filled with observations in theory. But for schools in the US for example, we can
probably rest assured that students are taught inside buildings with walls.
16
Even when cardinal variables are transformed, it is well known by economists that this may lead to
evaluation reversals too. When a dollar valued variable is logged, this can lead to a reversal and a change in
the statistical significance of results. The difference between doing this for ordinal variables versus cardinal
variables is that the original scale is defined accurately in the cardinal case. When transforming ordinal scales
we do not know what we are transforming in the first place.

34

reversed with a simple renumbering of the ordinal scale on which observations are
recorded. The results of this exercise are presented in Appendix A.

The underlying reason for this problem has not been well documented, understood and
presented in the literature. Economists have historically been reluctant to treat ordinal
data as cardinal. In order to understand the prohibitive constraint that ordinal data
imply, it is important to make the distinction between regression and correlation.
Rank-correlation is a measure of co-movement, whilst regression assumes a
dependent variable to be a function of an independent variable and can be reduced to
the comparison of estimated means (see Wooldridge (2002)). The implications of
misunderstanding this concept are crucial when using ordinal scales. Psychometric
scales satisfy ordinal invariance when used in the, intended, rank-correlation analysis
environment. Psychometric scales, which can be defended as having distances that are
well defined, also satisfy ordinal invariance when used in regression analysis. However,
ordinal invariance is not satisfied when we are agnostic of the distances on ordinal
scales, particularly when ordered categories were developed for the purposes of an
evaluation and when data is observational in assessments.

3.3 Capturing Variability Within an Ordinal Dimension
In this section I present an alternative computational exposition of the class of
measures proposed in chapter 2 and then propose a multidimensional variation of
these measures that is suitable for regression analysis, and effectively goes beyond
poverty measurement. The proposed class is inspired from, and is an extension of, the
Alkire, and Foster (2011a) multidimensional class of poverty measures.

Let Y be a random variable that is ordinal and has distribution
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( p1 , y1 ;; pκ , yκ )

j = 1, 2,..., κ , and κ is the number of

where each y j can fall in the ordered ranks

ordered categories. I present an extension of the Bennett, and Hatzimasoura (2011)
unidimensional class of measures as an
frequencies of observations in each category

α

weighted average of cumulative

j , assuming the highest category as the

poverty line: 17

 κ − j + 1 α  κ − j α 
π α (Y ) = ∑F ( y j ) 
 −
 
  κ  
j =1
 κ
κ

For

(3-1)

α > 0 . As was presented in the previous chapter, in the case α = 0

mass is one at the poverty line. Parameter

α

the probability

is an aversion parameter which

penalizes observations in lower ordered categories in a computationally similar manner
to the poverty aversion parameter

α

proposed unidimensional measure is an

of the FGT poverty measures. Intuitively, the

α weighted average of cumulative frequencies

–or equivalently headcounts. In poverty measurement, a cut-off is a choice of a
threshold below which an individual is recorded as poor -or deprived in the
multidimensional poverty measurement setting. In an evaluation context the
researcher may choose to set a cut-off at the highest category in order to allow for
variation within all ordered categories of each item.

18

In the Alkire-Foster

multidimensional setting, a poverty cut-off is the number of deprived dimensions for an
individual which renders her to be poor. In my presentation of the multidimensional
ordinal measures the aggregation takes place over the matrix which has not identified
anyone as poor. 19

17

As in chapter 2, I assume the strong definition of the poor as in Donaldson and Weymark (1986).
Note that the Alkire-Foster methodology also allows for the possibility of setting the deprivation cut-off at
the highest ordered category.
19
Should a researcher choose to include a cut-off below which responses are considered to reflect a
deprivation, and a cut-off for the number of deprived dimensions that identify individuals as being poor, the
class of measures introduced in this paper lead to the Alkire-Foster measures where each ordinal dimension
is measured by the ordinal FGTs introduced in chapter 2. These measures will be multidimensional poverty
indices that are sensitive to ordinal depth. These measures can also be calculated if one was to simply use the
18
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Assigning the poverty line at the highest ordered category implies that the number of
the poor coincides with the number of all subjects under study. The proposed class of
measures accounts for variation within ordered categories depending on the value
assigned to

α

(on a scale of 1 to

5 for example, variability within observations

recorded in all five categories will be accounted for when

α > 0 ). In the next section I

introduce a class of multidimensional measures where the use of

α

accounts for

variation within multiple ordinal dimensions.

3.4 A Proposal for a Multidimensional Class of Measures
Justifying the use of proposed measures often involves relating them to existing
measures. For example, the proposed ordinal measures in chapter 2 resembled the
already well understood and extensively used FGT measures. 20 Similarly, the proposed
multidimensional ordinal measures of this chapter are an extension of the Alkire-Foster
class of multidimensional measures. Furthermore, the proposed measures can perhaps
be easily used and interpreted by applied economists since the measures have intuitive
interpretations and are easy to compute.

It is usually the case that questionnaires include items which contain multiple indicators
intended for measuring a single construct. They can then be aggregated in order to
provide a “score” for the construct of interest. Examples of such indicators are included
in the subsequent chapter where I demonstrate how intrinsic motivation, among other
constructs, is measured based on multiple ordinal indicators. Consider for example a
classical FGT measures and assign the values 1, 2,3,..., κ to the ordered responses. Though one could obtain
measures that are computationally identical to those proposed in this paper, the interpretation of the average
of average headcounts would be lost.
20
Interestingly, the technique that the proposed measures rely on, in order to capture variability within
ordered responses beyond two categories, uses a similar normalization approach that underlies the
extensively used logit models in applied econometrics. In logit models the independent variables are
functions of cumulative frequencies of ordered responses. That is, each cumulative ordered state assumes
that the previous one holds.
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self-reported health item which may contain multiple indicators, each of which pertains
to a separate dimension of overall health. A researcher may wish to aggregate the
information into a single score, even though the researcher is agnostic regarding the
distances between the ordered categories. An extension of the unidimensional ordinal
FGT measures, introduced in the previous section, to the multidimensional case proves
to be rather useful here. Another example is a collection of indicators for joint decision
making in a household. Given that there are many areas within which household
decisions are made, many indicators -or equivalently dimensions- contain information
that is collectively useful when it is aggregated in order to compute a single aggregate
score.

To extend to the multidimensional setting I apply (3-1) to each dimension. Let Y be
the multidimensional extension of
where

Y from (3-1) with distribution (p1 , y1 ;; p D , y D )

D is the number of dimensions and each y jd can fall in the ordered ranks

j = 1, 2,..., κ for a dimension d , and κ is the number of ordered categories as
before. The general case for the multidimensional class of measures is: 21
D

κ

π α (Y ) = 1/ D ∑∑F ( y jd ) wα

(3-2)

d =1 j =1

where

wα = (

D

is

the

number

κ − j +1 α κ − j α
) −(
) .
κ
κ

chapter 2, for

α =0

of

dimensions

(or

equivalently

items)

and

In the setup of the ordinal FGT measures introduced in

a probability mass of one was assumed at the poverty line and

thus the measures coincided with the headcount ratio. Similarly, a probability mass of
one is assumed at the deprivation cut-offs and the measures coincide with the
21

This presentation assumes that each dimension has the same number of ordered categories. This is
usually the case in questionnaires when multiple variables capture information about a single construct.
However, exploring the possibility of a heterogeneous number of ordered categories could also be insightful.
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Alkire-Foster

M0

measure. As the presentation has been setting the deprivation

cut-off at the highest category the measure will be equal to 1 whenever
because the measure would identify everyone as poor. For

α =1

α = 0 . This is

the measure is an

average of average cumulative frequencies of observations in each ordered category
-or alternatively, if measuring poverty it can be interpreted as an average of average
headcounts. For the empirical illustrations in this chapter and chapter 4, I use the
ordinal measures for

α = 1 and

choose the highest category for the deprivation

cut-offs.

For

α =1

an alternative computational representation proves to be useful for

regression analysis. Denote
variable for dimension

xid

as the individual observation of the ordinal outcome

d , and define xid ≡

1

κ

∑1( x
κ
j =1

id

≤ j ) which can then be used to

recover the measure in (3-2):

πα ( X ) =
where

1 D n
∑∑xid
nD d =1 i =1

(3-3)

X is the matrix for all observations, n is the number of individuals, and D is

the number of all dimensions.

3.5 Weighting Within and Between Ordinal Dimensions
There is an implicit weighting of the ordered categories within the each ordinal
dimension which is parametrically set by

α =1

α.

Intuitively, the proposed measure for

conveys, on average, how many upward single category movements need to be

made in order for all individuals to be reporting the highest possible category. When

a = 1 , a movement in observations in lower categories, for example a movement from
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the 1st to the 2nd category in a dimension, and an equal movement in higher
categories, for example a movement from the 4th to the 5th, will increase the overall
measure by the same amount.

In the case that

α = 2,

the movement upwards from the

1st to the 2nd ordered

category in a dimension will have a higher impact on the measure than an observation
moving from the

4th to the 5th ordered category. This is because movements in

observations towards lower categories “penalize” the overall measure by more than
movements in observations towards higher categories. 22

Deciding on the weighting of each ordinal indicator, which captures one of the many
dimensions of a construct, is left to the discretion of the researcher. The reader is
referred to Alkire, and Foster (2011a) and Foster, McGillivray, and Seth (2012) for an
extensive discussion and analysis of dimensional weighting. Though the weighting of
dimensions is a decision left to be made by the researcher, I also note an additional
concern that is introduced when extending the Alkire-Foster methodology to being
sensitive to variability within ordinal dimensions. In an evaluation setting, the proposed
measures imply that an improvement in one ordinal dimension is considered to be
equivalent to an equal improvement in another dimension.

23

The researcher may consider equivalencies across ordinal dimensions to be
inappropriate for the research at hand. There do however exist cases where such an
equivalency may seem appropriate, such as the application I present in chapter 4
where I use the proposed methodology in order to evaluate the impact of an

22
The measure can be set up in order to capture negative or positive variations depending on direction the
construct being measured would suggest.
23
This holds if we set
to be the same value for all dimensions. An exploration of heterogeneous
weighting within and between dimensions could be an exercise for further research.

α
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intervention on ordinal multidimensional psychosocial aggregate scores in a RCT
setting.

3.6 Properties of the Measures as Outcome Variables
For

α =1 ,

(3-3) is a convenient representation of the proposed measure for a

regression analysis context, since for each observation of the outcome variable we can

=
use xid

1

κ

∑1( x
κ
j =1

id

≤ j ) from (3-3). Drawing from (3-3), X is the matrix of

observations for all dimensions of the ordinal outcome variables of interest. In a
randomized evaluation setting, the causal parameter

βOLS

is estimated as the

difference (Newey (2007)):

βOLS = Eˆ X (π 1 ( X ) | T ) − Eˆ X (π 1 ( X ) | C )
where T denotes the treatment group,
sample average over

(3-4)

ˆ is the
C denotes the control group, and E
X

X.

I discuss the properties satisfied by the proposed ordinal multidimensional measures in
(3-3). Each property is discussed in the context of randomized evaluation which can be
extended to the general case of evaluations. Properties satisfied by

πα ( X )

include

ordinal invariance, monotonicity, transfer, decomposability, subgroup consistency,
non-triviality, symmetry.

Ordinal Invariance: If g : ℜ → ℜ is monotone increasing then
and

π α ( X ) = π α ( g ( X )) ,

g is applied to each individual dimension.

In order to achieve evaluations that are robust to reversals which can arise due to a
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positive monotonic re-scaling of the ordered categories, this property ensures that
such reversals will not occur no matter what the choice of scale is. This follows from the
fact that the measures are built from the proportions of observations in each ordered
category and are not a function of the numerical representation of the ordered
categories which would pertain to analysis that treats ordinal data as cardinal. This
property assures us that the estimated expectations are independent of the choice of
the ordinal scale. Notably, the measures rely on the order and number of categories
which avoids any ambiguity due to a choice of a particular scale.

Monotonicity: Let X

be a matrix containing ordinal observations from a chosen

collection of indicators that has a distribution matrix

(p1 , p 2 ,..., p D ) 24

where each

for d = 1, 2,..., D is a distribution vector for an indicator in dimension
the same distribution matrix as X , denoted by
probability mass is re-allocated so that
then

πα ( 
X ) > πα ( X )

for

α > 0.

pd

d . If 
X has

(p 1 , p 2 ,..., p D ) , but for some p d

p = p + ε and p = p − ε for some k < l ,
k
l
k
l

25

This property assures us that the measures are sensitive to a particular form of
variability which occurs when there is a net movement upwards or downwards for
observations in the ordered categories. 26

Transfer: Suppose

(p1 , p 2 ,..., p D )

is the distribution matrix for X , a matrix containing

ordinal observations from a chosen collection of indicators where each
24

pi

, for

It is important to note that this paper does not consider the joint distribution of ordered responses across
dimensions as is the case in Alkire-Foster.
25
If a deprivation cut-off is chosen, then the Alkire-Foster monotonicity properties follow which are weak
monotonicity and dimensional monotonicity.
26
Net movement implies that it is not cancelled out by another equal movement. The exposition of this
property is similar to that in Allison and Foster 2004.
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X is generated from X , so
i = 1, 2,..., D , is a distribution vector for indicator d . If 
that is has a distribution matrix

( p1 , p 2 , , p κ )

(p 1 , p 2 ,..., p D ) , where each p d is a vector

and probability mass is re-allocated so that

p = p + ε is offset by
k
k

p = p − ε and p = p − ε is offset by p = p + ε for some k < m , then
k −l
m
m +l
k −l
m
m +l

πα ( 
X ) > πα ( X )

for

α > 1 . 27

In randomized evaluations, the transfer property allows the researcher to be in control
of the weighting of movement within ordinal categories. For example, in statistics the
standard deviation for a cardinal variable uses a weighting structure that increasingly
“penalizes” deviations by squaring them. In the ordinal context, the value of

α

determines the degree to which observations in lower categories are “penalized”. The
parameter

α

may be used for additional robustness tests in order to explore whether

a reversal occurs as

α

Decomposability: Let

varies. 28

λ

reside between zero and one. Suppose that matrix

X1

contains self-reported responses from a collection of indicators for a treated subgroup
of a population

n1
n
and X 2 is a matrix for the control subgroup with population 2 .
n
n

Each matrix is has a distribution matrix

matrix

X

has distribution matrix

PX and PX respectively. Also, suppose that
1

2

P = λ ( PX ) + (1 − λ ) PX ,where λ =
1

2

n1
. Then
n

π α ( X ) = λπ α ( X 1 ) + (1 − λ )π α ( X 2 ) . 29

28

It must be noted that the transfer axiom is fundamentally a cardinal property. Yet, because the measures
satisfy ordinal invariance they do not treat the scales as if they are cardinal.
29
In a poverty measurement setting, the variability within each dimension, post identification, will be
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Rigorous analysis in an evaluation often requires an exploration of heterogeneous
effects on outcome variables. This presupposes that the estimates that are to be used
are decomposable. Since the overall estimate can be decomposed to the estimates for
each subgroup, the proposed measures allow for heterogeneity analysis of the effects
on the outcome variable. This allows one to infer about the impact on the measure of
any subgroup that we choose. This property further leads us to subgroup consistency:

Subgroup consistency: In addition to the decomposability property, suppose that
matrix

Y1

contains ordered observations from a collection of indicators for a particular

the treated subgroup and
distribution matrix
distribution

QX

matrix

π α ( X 1 ) < π α (Y1 )

and

1

Y2

and

is a matrix for the control subgroup. Each matrix has a

QX

2

respectively. Also, suppose that matrix Y has

P = λ PY + (1 − λ ) PY
1

2

.

Then

π α ( X ) < π α (Y )

whenever

π α ( X 2 ) < π α (Y2 ) .

Non-triviality: Each measure of the proposed class has a maximum and a minimum.
Normalization is not satisfied by this class of measures. The minimum is

1
and the
nkD

maximum is 1.

Symmetry and Replication are satisfied by virtue of the linear expectations operator.

3.7 Empirical Illustration
To demonstrate the proposed measures in a randomized evaluation setting I make use
of an existing randomized controlled trial in Udaipur India for which the data is publicly
captured for the categories that are less than the category chosen to be the deprivation cut-off.
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available at JPAL 30. The experiment was designed in order to evaluate non-financial
incentives compared to improving the health service delivery for immunizations for
children between the ages 1 to 3 in Udaipur, India. The experiment is described in detail
and evaluated in Banerjee, Duflo, Glennester, and Kothari (2010). The ordinal
measures presented here use one dimension of self-reported health and are estimated
in terms of achievement where a higher aggregate score indicates higher self-reported
health. The measures in (3-3) are reported for

α =1.

The randomization took place at the village level with 134 villages in total being
involved in the experiment. 60 villages were in the treatment group and 74 villages
were in the control group. In 30 out of the treated villages, 378 children were targeted
for

intervention

A

which

offered

more

reliable

health

service

delivery

for

immunizations. In the rest of the 30 treated villages, 382 children were offered metal
plates and lentils for completed immunizations. The control group targeted 860
children who were offered no intervention.

Table 3-1: Ordinal Measures for Self-reported Health

Control
Group

Treatment A

Treatment B

Difference
between
control and
treatment A

Difference
between
control and
treatment B

Difference
between
treatment A
and
treatment B

Self-reported
Health

0.455443

0.447472

0.432493

-0.00916

-0.01691

-0.0082364

Standard
Deviation

0.01062

0.013482

0.016966

0.020733

0.019057

0.0238803

In this illustration I focus on self-reported health which was measured on a scale of 1 to
10. I use the proposed measures in order to evaluate the impact of each intervention

30

Abdul Latif Jameel Poverty Action Lab, MIT.
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on the self-reported health of parents for their children. I use the same specification as
in Banerjee, Duflo, Glennester, and Kothari (2010) and make use of the full variability
across all 10 categories used to capture self-reported health. Table 3-1 presents the
ordinal measures for self-reported health. The control group appears to have higher
self-reported health but is only marginally higher. It is also not statistically significant.
Treatment A appears to have led to lower self-reported health, and treatment B seems
to have led to even lower self-reported health.

For those who were fully immunized, the results are presented in Table 3-2. I am able
to present the ordinal measures for self-reported health for this subgroup since the
measures are decomposable. However, it is important to note that the sample size is
even smaller once the population is conditioned on full immunization (only 253
children).

Table 3-2: Ordinal Measures for those Fully Immunized
Difference
between
treatment A
and
treatment B

Treatment A

Treatment B

0.46875

0.421539

0.411029

-0.06392

-0.06049

0.020031

0.04073

0.028277

0.021266

0.062558

0.049707

0.04906

Control
Group
Self-reported
Health
Completely
Immunized
Standard
deviation

Difference
between
control and
treatment B

Difference
between
control and
treatment A

According to the ordinal measures, conditioned on being fully immunized, those in
treatment are reporting lower health statuses. And those in treatment B are reporting
higher health statuses than those in treatment A. Those with no incentives and no
improved service delivery tend to report higher self-reported health status for their
children. An interpretation of such results is beyond the scope of the paper and this
exercise simply serves as a demonstration for how the proposed measures may be
used.
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Below are the values for likelihoods at different cut-offs which are followed by the (3-3)
ordinal measures. Had the researcher chosen the cut-off 8 for example, the program
evaluation would be reversed compared to all other cut-offs. This would not be a
problem if the researcher had good reason to choose a binary approach and such a
cut-off. The proposed ordinal measures are suitable for the case that the researcher
would have liked to report results that are sensitive to net movement within all ordered
categories, whilst refraining from using the ordinal representation of the scale as if it is
cardinal.
Table 3-3: Ordinal versus Binary Measures

Likelihood at cut-off 1
Standard errors

0.007595
0.003419

Treatment
A
0.008427
0.004632

Likelihood at cut-off 2
Standard errors

0.032911
0.006465

0.02809
0.009005

0.022409
0.007891

Likelihood at cut-off 3
Standard errors

0.096203
0.012616

0.08427
0.017771

0.061625
0.011427

Likelihood at cut-off 4
Standard errors

0.187342
0.017442

0.191011
0.02472

0.154062
0.023195

Likelihood at cut-off 5
Standard errors

0.326582
0.020329

0.323034
0.029026

0.277311
0.027354

Likelihood at cut-off 6
Standard errors

0.494937
0.024286

0.463483
0.03185

0.448179
0.03744

Likelihood at cut-off 7
Standard errors

0.646835
0.025415

0.620787
0.02473

0.607843
0.04438

Likelihood at cut-off 8
Standard errors

0.812658
0.018532

0.83427
0.021787

0.809524
0.039904

Likelihood at cut-off 9

0.949367

0.921348

0.941177

Variable Description

Control
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Treatment
B
0.002801
0.00274

Standard errors

0.0101

0.018525

0.021427

Ordinal Measure
Standard errors

0.455443
0.01062

0.447472
0.013482

0.432493
0.016966

3.8 Concluding remarks
The inclusion of ordinal scales in evaluations has allowed researchers to evaluate
impact on both unidimensional and multidimensional ordinal outcome variables such as
social and economic attitudes, perceptions, self-reported health, and educational
outcomes. However, in order to avoid ambiguous evaluations, aggregating information
from observations on ordinal scales into an outcome variable requires particular care.
In this chapter I explored some of the problems inherent in this practice and proposed
one possible way to address the robustness issues introduced when such aggregations
are used as outcome variables in evaluations. The proposed measures can be
interpreted in probability terms. Rather than reporting a difference in cardinal units
that is subject to a particular scale of choice, one can make a likelihood statement for
the effect on observations in higher -or lower, depending on the direction of
improvement- categories. The resulting likelihood is sensitive to a change within all
ordered observations collected, and not within a subset of the observables which would
have been the case had a binary approach been chosen.
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Chapter 4: The Aspirations Gap and Women’s
Bargaining Empowerment: Evidence from a
Randomized Controlled Trial in Nicaragua
4.1 Introduction
In this chapter I present an applied framework for a randomized controlled trial in
Nicaragua and demonstrate the methodology introduced in the previous chapter. I
evaluate the impact of productive transfers targeted at women in 24 communities in
Pantasma, Nicaragua. I take advantage of the intervention’s experimental design as
well as the availability psychosocial ordinal outcome variables in order to explore the
determinants of women’s intrahousehold bargaining empowerment.

The literature on empowerment is somewhat inconsistent in its definition of
“empowerment.” One possible reason for this is because the context within which the
construct of empowerment resides is not always clearly defined. This may not be so
surprising, since disempowerment can manifest in many areas of one’s life and
theoretical discussions may lack behavioral and contextual justification. In the efficient
household model literature, Pareto-weights have been referred to as the “power” of
each individual household member, and they have also been referred to as “bargaining
power.” The determination of these weights is a process that is largely ignored in the
empirical literature due to the lack of suitable data. I refer to the Pareto-weights, in
absolute value, as bargaining power. When the intervention causes an increase in
bargaining power, I refer to this dynamic process as bargaining empowerment.

In order to estimate the impact of the intervention on ordinal outcome variables, I use
the methodology introduced in chapter 3 which allows me to make full use of the
variation within the self-reported responses on ordinal scales. This ensures that the
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estimates of the treatment effect are robust to evaluation reversals as was discussed in
chapter 3. Multidimensional ordinal outcome variables include empowerment, locus of
control, self-esteem, intrinsic motivation and intrahousehold decision-making among
others.

It is widely accepted through empirical justification that many of the assumptions of the
efficient (unitary) household model do not hold in practice (See Bardhan, and Udry
(1990) , Chiappori (1997), and Duflo, and Udry (2004)). Since the household is treated
as a single decision maker, one key insight that the efficient household model ignores
is the process through which intrahousehold bargaining equilibria are set. Adding to the
variety of hypotheses of the literature that tests the efficient household model I study
the role of aspirations in the intrahousehold bargaining process. One theoretical
exploration of the process has been introduced by Basu (2006) where in a game
theoretical framework one’s decision will affect future decisions made thus bringing
new insight to the importance of process in decision making.
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4.2 Introducing the Experiment
The program was implemented in rural communities in the municipality of Santa Maria
de Pantasma, located in the department of Jinotega in the Northern region of
Nicaragua. Santa Maria de Pantasma suffers from one of the highest incidences of
poverty in Nicaragua. Twenty four communities were randomly assigned to treatment
and control. 32 The intervention provided a package of productive transfers at low cost
and technical assistance to selected poor women. These packages included business
plan development, training and technical assistance, productive transfers and low cost
credit (in cash and kind), training on gender issues awareness and the creation of a
31

The applied framework I introduce relies on the design of the experiment.
This pilot is run by the World Bank with principal investigators Renos Vakis and Patrick Premand. I became
involved in the project after the follow-up survey was completed and was responsible for all program
evaluation estimates.
32

50

beneficiary-led community bank (in cash and seeds).

The criteria for targeting a potential beneficiary in a household were to have
participated in activities in the community and to be between the age of

16 and 60 .

Potential beneficiaries were invited to consider joining the program. In all eligible
communities the potential beneficiaries were asked to enroll in an intent-to-participate
list. They knew that they would only be able to participate in the program if their
community was selected. Out of the 1956 households that contained potential
beneficiaries in the 24 target communities, 877 (45%) enrolled and 980 (50%) did not
enroll. The remaining 99 households (5%) were not eligible as they did not have a
woman between the ages of 16 and 60 who could serve as a beneficiary.

Target communities where divided in 10 blocks of 2 or 3 neighboring communities.
Each community (or pair of communities) was selected within each group (one
allocated as treatment and the other as control) through a lottery. This block
randomization procedure between neighboring communities maximized power given
that the number of clusters to randomize was low (Bruhn and McKenzie, 2008). Block
randomization led to the selection of 13 treatment communities and 11 control
communities. Baseline census data was collected in all households in the eligible
communities before the partner NGO began to implement the program.

The experiment was implemented through a collaboration of a local Nicaraguan NGO,
FUMDEC, who anticipated that the intervention would lead to impacts consistent to
what they referred to as the “pyramid” model. The NGO staff believed that economic
empowerment constituted the basis of the pyramid which they viewed as a necessary
condition in order for an increase in women’s agency to occur. The productive transfers
aimed to increase the beneficiaries’ income generating capacity. The program aimed to
51

enhance

women’s

productivity

in

existing

economic

activities

and

foster

entrepreneurial development. It promoted gender empowerment, and encouraged
their

participation

in

economic

decisions

within

their

households

and

their

communities. The training and technical assistance components of the program
focused on business plan development, business management, and financial literacy.

The follow-up survey took place between July and December 2011, approximately two
years after the baseline survey, and approximately one year after the end of the
program. The follow-up instrument aimed at capturing a broader set of outcomes, thus
allowing a thorough evaluation of the program’s impact, including economic activities
and employment (such as involvement in non-subsistence agriculture, non-agricultural
activities, micro-business, assets ownership, savings and credit), welfare outcomes
such as consumption, poverty or income, and empowerment (such as intra-household
decision-making, and aspirations).

Beneficiaries also participated in various workshops on social capital formation and
leadership, gender awareness, power relations and conflict resolution. The gender
awareness training also included awareness training for men. The beneficiaries
received start-up capital in both cash and kind. Part of this capital was in the form of
low cost credit to be repaid to community banks. Credit was offered at zero interest
with the exception of a $200 micro business transfer of which half was in the form of
credit at 3% monthly interest rate over the remaining balance. Additionally, seeds were
repaid to the community seed bank at a rate of two seeds for each seed given.
Beneficiaries also received training and technical assistance for business plan
development.
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The randomization’s number of clusters was indeed small. However, balance between
the control and treatment groups was attained. Overall, there are no notable
differences between control and treatment communities. For the few significant
differences, treatment communities appear slightly worse off than control communities
in those particular dimensions. Consequently, the estimates of program impacts are
lower-bound, conservative estimates.

Program impacts can be estimated using simple intent-to-treat procedures by
comparing ex-post outcomes between beneficiaries in treatment communities (TSI) to
those of women who selected into the program in control communities (CSI) who did
not receive treatment due to the randomization. The average difference in outcomes
between these two groups yields the average treatment effect on the treated, i.e. the
direct effect of the intervention on similar households that expressed intention to
participate in the program.

Conditional on the randomization achieving balance, program impacts could be
estimated using simple intent-to-treat procedures. This entails comparing ex-post
outcomes between beneficiaries in treatment communities to those of women who
selected into the program in control communities. The ITT estimate captures how
random assignment to the treatment group affects the outcome of interest and
provides an estimate of the programs average effect on participants who had selected
in:

Y = α + δ T1 + X + C + ε
where Y is the outcome of interest,

T1

(4-1)

is an indicator function that takes on the

value 1 if a household revealed an intention to participate in the program and was
assigned to the treatment group, and

0 if it revealed an intention to participate in the
53

program but was assigned to the control group. X is a fixed effect controlling for the
variation within the blocks of communities on which randomization was based. The
intent-to-treat estimate for program impact is given by

δ

.

C is a set of controls

which are drawn from the baseline study. Block fixed effects were used in order to
maximize power. The block randomization of the design allows us to control for
outcomes that are a function of pre-program characteristics that existed in the blocks
– which could also affect the outcome of interest. In the estimations standard errors are
clustered at the community level.

Program impacts are obtained by estimating the above specification using only the
follow-up survey round. This allows the estimation of causal effects from items that
were incorporated only in the follow-up survey. As mentioned above, the validity of the
randomization design rendered single difference approaches to be appropriate, valid,
and sufficient to infer a causal impact of the program. The attrition rate for beneficiaries
was

5.2% which is balanced across the communities that received the treatment and

those that did not. To ensure further robustness of the results, control variables were
included from the baseline survey. These control variables were chosen when minor
imbalances between treatment and control group at baseline existed. Though the
power of the study was low, it was not prohibitively low. Power calculations estimated
that the sample was large enough to identify moderate effects.

4.3 An Applied Framework
By design of the experiment, the beneficiaries self selected into the randomization
process. Therefore, by construction this allows me to compare two similar groups of
communities with the same aspirational/preference levels. Potential beneficiaries who
selected into the program were better-off than those who selected out. Potential
beneficiaries who selected in tended to be more empowered than potential

54

beneficiaries who selected out. Admittedly, it was the most empowered women who
self-selected into the program. The descriptive statistics at the baseline level suggested
some significant differences between those who self-selected in the program and those
who did not. It is worth noting that many interventions are demand driven yet the
implications of such targeting could suggest that demand-driven targeting does not
necessarily reach the poor.

I consider those selected in as not “failing to aspire” (the definition of aspirations failure
will be presented in the last section along with a justification for the aforementioned
assumption). I test for multiple equilibria, controlling for high aspirations, in which
women may exercise different levels of intrahousehold bargaining power. I test
whether

it

is

income

generating

capacity

constraints

that

are

driving

an

aspirations-empowerment trap. I also test the hypothesis conditional on constant
household income, in order to establish whether a simple re-allocation of income
generating capacity can lead to bargaining empowerment. The results are somewhat
suggestive that aspirations alone do not bring about change, validating the
implementing NGO’s strong priors for a “pyramid model”. I have direct information for
each household member’s share of non-food consumption and thus have available data
on the intrahousehold allocation of consumption goods.

The study does not allow me to explore the process through which aspirational levels
can be influenced. For those selected out, whose entrepreneurial aspirational levels are
assumed to be low by experimental design, I can test for spillover effects. The findings
suggest that bargaining power can only be enhanced once high aspirational levels are
in place (the process of which this paper does not explore, but is nonetheless
important).
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In the efficient household (unitary) model the objective function that is maximized is
the overall household welfare. I am not able to identify whether women’s bargaining
empowerment is a Pareto improvement for the whole household. More collaborative
and participatory environments possibly yield higher household utility. Indeed, in my
findings, participatory decision making increased which is suggestive of a more
collaborative and participatory environment. I cannot, however, identify whether
overall household welfare increased (men were not asked to report on any wellbeing
scale).

I present the standard unitary household model where the household maximizes the
following objective function where I consider the household as being comprised of the
husband and wife, as in Duflo, and Udry (2004):

Max[ EU M (cM ) + λ EU F (cF )]

where

λ

(4-2)

is the Pareto-weight representing each household member’s “power”,

EU F (cF ) is the expected utility for the wife’s consumption and EU M (cM ) is the
expected utility of the husband’s consumption.

Subject to:

p (cF + cM ) + w( LF + LM ) ≤ FF ( LF ) + FM ( LM )

where

LF

is labor supplied by the lead female household member and
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(4-3)

LM

is labor

supplied by their husbands.

FM ( LM )

FF ( LF )

is the wife’s production function of labor and

is the husband’s production function of labor,

p and w are price and wage

determined in a competitive market.

I assume the intervention enters the efficient allocation of resources only through its
effect on the beneficiary’s labor supply and then on the budget constraint. Another
assumption is that I look at production on the farm and in the market collectively even
though my evaluation of the intervention suggested that there was a re-allocation of
employment from the farm to the market (changes were noticed for both beneficiaries
and their partners).

According to the efficient household model, the change in the beneficiary’s labor supply
should not have an impact on the Pareto weight since her preferences remain constant
(they have already selected in based on the experimental design). Relaxing the
beneficiary’s income-generating capacity should not have an effect on the re-allocation
of consumption since her preferences are taken into account when bargaining takes
place and each member falls back into the efficient context Rangel, and Thomas
(2012).

In my setup I propose to explore the difference between having aspirations and
meeting aspirations. The efficient household model assumes that this distinction should
not matter. According to the unitary model

λ

is not a function of labor but is a result

of the household members’ preferences and other distributional factors which implies
that:
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∂λ
∂λ
=
= 0.
∂LF ∂ci
where

LF

(4-4)

represents employment opportunity for the female household head. The

intervention targeted women who had selected in, denoted by TSI (Treated Selected
In). Those in the treatment communities who indicated that they would like to receive
the intervention packages are assumed to have equally high aspirations with those in
the control communities who also stated that they would like to receive the packages.
I consider their intent to participate in the intervention a high-aspirational attitude. I
distinguish this attitude from the behavior of actually working towards meeting their
entrepreneurial aspirations by being randomly selected to receive the packages. This
leads to the following hypothesis which essentially makes the distinction between
attitude and behavior:

E(λ T − λ C | TSI ) = 0

(4-5)

4.4 The Hypothesized Aspirations Trap
Debraj Ray introduced the concept of “failure to aspire” in Ray (2006) where he defines
one’s cognitive neighborhood of acquaintances as an “aspirations window.” An
individual fails to aspire when examples do not exist within the decision maker’s
aspirations window. In this paper I deviate from his definition of aspirations failure
while staying in line with Ray’s definition which carefully associates this “failure” to the
condition of poverty and not some inherent behavior of the poor.

In order to avoid “accusing” the poor of “failing” to behave in a manner that could
potentially lift them out of poverty, I propose a definition for aspirations failure in the
context of this study. I define “failure to aspire” as the extent to which opportunity sets
are smaller under subjective beliefs than under objective frequencies. In other words,
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I consider a person as failing to aspire if they reject a seemingly available opportunity
(in our case the available opportunity are the packages offered). This study does not
explore the reasons or the process through which an offered opportunity is rejected.
Rather, it separates people into two groups. Those who fail to aspire and those who do
not. Those selected into the program are assumed to have higher entrepreneurial
aspirations than those who selected out. Specifying the dimension of aspirations is
rather straightforward as the packages offered were of entrepreneurial nature and
offered the opportunity to build small businesses and enhance entrepreneurial skills.

Ray’s “aspirations gap” measures a stated aspiration’s distance from a realized
aspirational target. I assume that the packages offered to the beneficiaries at least
partially fill their entrepreneurial aspirations gap, G = (
A

high level of entrepreneurial aspirations and

AR

AH − AR
) where AH is the
AH

is the realized level of entrepreneurial

aspirations. I do not have a measure of aspirational levels at baseline, so I build an
index for intrinsic motivation based on the dimensions of the aspirations scale in
self-determination theory in Deci, and Ryan (2000) and the ordinal multidimensional
methodology introduced in chapter 3. I find no difference at follow up which further
validates the conditionality of equal aspirational levels.

I begin by proposing that bargaining empowerment is a function of the aspirations gap.
I assume that

λ,

bargaining power, is a decreasing function of the aspirations gap,

GA :

 AH − AR 

 AH 

λ = λ (G A ) = λ 
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(4-6)

where

AH

is the high level of entrepreneurial aspirations and

AR

is the realized level

of entrepreneurial aspirations.

Intuitively, as the aspirations-gap closes the more the intrahousehold bargaining
power of the beneficiary. Bargaining power is a function of realized attitude/preference
(actual behavior) rather than stated attitude/preference (attitude alone), so in effect it
is a function of utilized resources for implementing one’s attitudes/aspirations.

One may for example have high aspirations and wish to have greater bargaining power
in the household but not have the resources or the income generating capacity in order
to support it. However, the closer one gets to implementing their aspirations, the more
bargaining power they gain in the household. Given that the aspirational target was
already high (women indeed did want to delve into entrepreneurial activity) they got
closer to meeting their aspirations and this was subsequently reflected in their share of
non-food consumption which I treat as a proxy for bargaining power.
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Figure 4-1: Aspirations-Bargaining Empowerment Figure

At equilibrium C, the aspirations gap is smaller and is associated with high bargaining
power in the household. At equilibrium A, women do have high entrepreneurial
aspirations, but they do not have the resources to implement them and their
entrepreneurial aspirations gap remains large, rendering their intrahousehold
bargaining power to be low.

In the experimental setup, the stated preference (aspirational target) is kept constant
and it is the distance to the target that drives the variability in the gap. I note that the
process of determining

λ

is only investigated to the point that it is influenced by the

aspirations gap G . The Pareto-weight (bargaining power) is a function of various
A

distributional factors and preferences (observed and unobserved), Λ , and the
aspirations Gap, G :
A
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λ = λ (G A , Λ ).

(4-7)

All other factors contained in the vector Λ are not investigated here and are assumed
to be constant thanks to the randomized experimental setup which supports this
two-dimensional graphical representation.

The Hypothesis for Multiple Equilibria: I hypothesize an aspirations-gap trap in
which there are two possible equilibria in a high-aspirations environment. Conditional
on household income remaining the same, and treatment applied to those selected in
-those with high aspirations- according to the efficient household model the change in
bargaining power should be zero:

*
= 0) = 0.
E(λ T − λ C | TSI , ∆π HH

(4-8)

I find that overall household income did not change, even though income generated by
the beneficiaries alone did indeed increase. In conjunction with the finding of
bargaining

empowerment

for

women,

the

findings

are

suggestive

of

the

aforementioned aspirations-empowerment trap.

The presentation of the hypothetical aspirations trap in Figure 4-1 is reminiscent of the
Basu (1999) child-labor trap model as it is presented in Todaro, and Smith (2014). I
cannot identify a “trap” in the traditional sense, or trace the standard S-curve. I am
however able to state that since we control for high entrepreneurial aspirational levels,
based on the experimental design, we can explore the variability in bargaining power
levels. Additionally, if the overall household income remains constant the findings
become even more suggestive of the existence of multiple equilibria.
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4.5 Empirical Results
As was discussed earlier on, this was a pilot experiment with a statistical power that
was not prohibitively low. This suggested that in order for any impact to be captured, it
had to be large enough. The reason for the low power was that randomization was
performed at the community level. Randomizing at the community level protected the
experiment from various sources of contamination which would have existed had the
experiment been randomized at the household level. These communities are tightly
knit, so there were plausible concerns for large spillover effects.

The results include fixed effects at the community level (in line with the design of the
experiment) and errors are clustered at the community level. The specification follows
Bruhn, and McKenzie (2008) so that inference accounts for the method of
randomization. Based on the hypotheses derived from the framework, I find that after
holding aspirational preferences constant, relaxing income generating constraints for
women leads to higher intrahousehold bargaining power levels or, equivalently, it leads
to intrahousehold bargaining empowerment for women Duflo (2012).

These results hold true even though overall household income did not increase. For
non-food items, the survey provided information about the shares of members in the
household. This information is treated as a proxy for within-household allocation of
consumption and bargaining power. Table B-11 presents the results for the
intra-household allocation of non-food items. Overall, beneficiaries’ average share of
non-food items has increased by 5.1%, while their partners’ share decreased by 5.3%.
The rest of the household members see no change in their share of non-food items.
Since the overall value of non-food items is not higher in beneficiary households it is
reasonable to expect that the beneficiaries’ partners are experiencing a decrease in the
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consumption of non-food items. There is a change in the distribution of the same
amount of non-food items among beneficiaries and their partners, with beneficiaries
now enjoying a bigger share of the bundle of non-food items. Considering that the
beneficiaries’ incomes increased yet their husbands’ did not, the increase in welfare
may have been mostly enjoyed by the beneficiary in the form of improved bargaining
power within the household.
4.5.1 Impact Evaluation for Ordinal Multidimensional Indices
Table B-14 presents program impacts on ordinal multidimensional aggregate indices,
introduced in chapter 3, on intra-household decision-making. These correspond to the
share of household decisions made solely by the beneficiary, made jointly by the
husband and the women beneficiary, and made solely by the husband. In the literature
there is no consensus as to whether a woman’s sole decision-making or the couple’s
joint decision-making are decision processes that empower the woman. Hence, both
are reported. In either case, the results show that the intervention appears to have had
an impact on participatory decision-making. Beneficiaries are more likely to engage in
joint decision-making in most dimensions (the survey asks about who makes decisions
on various issues such as food, childcare, investments etc.). They are also
simultaneously less likely to be the sole decision makers. Overall, 8.3% of the time,
beneficiary women are more likely to be involved in joint decision making with their
partners compared to those in the control group. Their partners are less likely to be sole
decision makers 4.9% of the time.

Table B-12 presents program impact on an ordinal multidimensional relationship index
which is based on a set of questions pertaining to the beneficiary’s perception of her
interactions with her husband. The aggregated index indicates that beneficiaries are
4.4% more likely to be engaged in more fulfilling and empowering relationships with
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their spouse. The impact is significant on all individual questions as well, including more
sensitive questions such as whether the beneficiaries and her spouse kiss. Perhaps the
participatory decision making process for the change in

λ

is suggestive of a pareto

improvement. I am not able to identify, beyond income, whether overall household
welfare stayed the same. It would be interesting to explore whether participatory
environments have greater aggregate utility -we never asked the men if they are
happier.

Table B-12 presents program impacts on a range of agency proxy indicators, including
self-esteem, mood and intrinsic motivation. These ordinal multidimensional outcome
variables were compiled using the methodology introduced in chapter 3. Following
Deci, and Ryan (2000)’s theory of self-determination and the aspirations scale they
have developed, the three dimensions of autonomy, competence and relatedness are
the indicators that were measured in the follow-up survey. Overall, the results reveal
very small impacts for the main beneficiary. For example, the self-esteem scale was
heuristically validated in the field and only the dimensions that were relevant to the
Nicaraguan context were kept. The beneficiaries report higher self-esteem levels but
the result is not statistically significant. Similarly, the indicators that are included in the
scale for mood are aggregated providing the total number of days spent on negative
and positive realizations of ones emotional state. Beneficiaries report and extra day of
feeling more positive and less negative, respectively. However these differences are
not statistically significant. The only indicator in which beneficiaries scored significantly
higher in this area is that of locus of control. However, the magnitude of this difference
is

1.4% which is very small. As discussed, one explanation may be that the women

that had selected into the program already had high levels of agency and as such, the
intervention did not have a large effect on this due to this.
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4.5.2

Further Impact Evaluation

Table B-3 presents program impacts on a range of employment outcomes for the main
beneficiary. The first set of indicators relates to employment in the last 12 months:
self-employment

in

agricultural

activities, self-employment

in

non-agricultural

activities, employment in agricultural wage jobs and employment in non-agricultural
wage jobs. Results show very limited changes in overall employment portfolios for
beneficiaries at the extensive margin. One notable exception is commerce, where
women in treatment communities are almost six percentage points more likely to
engage in this (an increase of more than 40% percent relative to the control group).
There are, however, some differences along the intensive margin, and in the
composition of employment. In addition, the program led to some impact on small
household businesses. Beneficiaries are 5.4 percent more likely to sell non home-made
items and 5.6 percent more likely to own a business. Of those who report that they
have a business, 8.5 percent are more likely to report they expect to have their
business in the future. Overall, these results are consistent with results above on
changes in employment activities along the intensive margins.

Table B-1 presents program impacts on beneficiary income. The results show that
beneficiary income increased by 39.6%. In absolute value, the beneficiary income
increased by $1830 a year, or approximately $72. This increase in income is driven by
large increases in income from livestock, (48.1%). Income from backyard agricultural
production and commerce are not significant but positive (and large) relative to the
control group. Program benefit packages included seeds to diversify agricultural
production in households backyard, which is traditionally cultivated by women, as well
as asset transfers including livestock such as goats or chicken. These results suggest
that the changes in employment patterns documented above led to some productivity

66

gains for the beneficiaries. These shifts are mostly observed through changes in
occupations within agricultural activities (the lack of significant results for commerce
and backyard production can also be due to the limited power of the study).

Table B-2 presents program impact on a range of business practices. There are a
number of small but significant improvements in business practices among program
beneficiaries. For example, beneficiaries are more likely to record their transactions
and to separate business and household accounts. They are also more likely to report
that they believe that profits should be reinvested in inputs. In this sense, the program
does seem to have provided beneficiaries with additional business skills, consistent
with the productivity gains noted earlier.

Table B-9 presents program impacts on overall household income. The results show
that income per capita for beneficiary households is higher but not statistically
significant. Income from self-agricultural production increased by 40.6% for
beneficiary households but there are no other significant differences in any of the other
sources of income.

Table B-10 presents impact on total consumption per capita in beneficiary households.
Total consumption includes expenditures in food and non-food items, as well as the
value of products self-consumed. Non-food consumption includes products ranging
from shoes and clothes to razors and detergents. Food consumption is based on a
15-day recall of typical types of foods consumed in the communities. Self-consumption
includes items that were not purchased, but were consumed from own production or
received as a form of payment in-kind or as a gift. Total consumption levels for
beneficiary households is 13.4 percentage points higher than those in the control
group, however this result is not statistically significant. Food expenditures, total per
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capita value of self-consumption, and expenditures in non-food items are also not
significantly different for beneficiary households.
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Chapter 5: Social Stimuli and Inequities in
Aspirations: A Proposal for Experimental Evidence
from DC’s Underserved Youth
The objective of this study is to understand how role model characteristics affect the
aspirations of mentees and consequently the effectiveness of mentoring programs. 33
The overall objective of the study is to understand how aspirations can be included as
a practical component of economic policies and role-model programs. Intuitively, I
investigate the social signals that those who are underrepresented are exposed to by
various role models, including those who are overrepresented. Much of the current
research focuses on the characteristics of those who are underrepresented. I am
interested in exploring whether there is a role for those who are overrepresented to
address the problem of underrepresentation. Underrepresentation tends to be
pronounced for disadvantaged youth, particularly males of color. The project is
currently being piloted with some suggestive initial findings available.

Variability in social stimuli that role models send can lead to inequality in aspirations
and consequently to the underrepresentation of certain populations. The steps for the
proposed study are to i) collect data from youth clubs and/or schools in
underrepresented communities in the poorest wards of the Greater Washington’s
Metropolitan Area ii) to test the hypotheses derived from an applied framework which
I present in this chapter in order to see whether certain social stimuli can lead to
attitudinal reversals and iii) analyze the data in a rigorous manner that is suitable for
ordinal data based on my methodology in chapter 3.

An increasing body of research suggests that aspirations are importantly linked to

33

The proposal for the study won the Philip Dearborn award of the Economic Club in Washington DC.
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decision making La Ferrara, and Duryea (2008), Meng (2009), Deci, and Ryan (2000),
Tanguy, and Dercon (2008) and economic outcomes Appadurai (2004), Genicot, and
Ray (2010), Ray (2006), Altamirano, Lopez-Calva, and Soloaga (2010)). This pilot will
invite policy makers to seriously consider the role of social stimuli on aspirations in
underrepresented communities. The research targets underrepresented communities
in the DC area where high school dropouts are exceptionally high.

I consider an attitudinal poverty trap where intrinsic constraints, which are
non-material constraints residing within an individual, are updated by extrinsic social
stimuli. I propose to examine how relaxing these non-monetary and non-informational
constraints can lead to attitudinal reversals. In particular, I explore the phenomenon by
which individuals do not choose available actions due to externally updated intrinsic
constraints. An example of such a phenomenon is the underrepresentation of
underserved groups in the US, a country that is committed to equal opportunity in
employment.

Borrowing insights from case-based decision theory, I model the underrepresentation
of groups as a poverty trap which is driven by similarity weighted subjective
probabilities. I design an attitudinal experiment for underrepresented communities and
hypothesize that salient social stimuli may lead to attitudinal reversals controlling for
race, gender and information. Subjective probabilities are measured with self reported
data on an ordinal spectrum of likelihood. This study may challenge traditional
hypotheses on the importance and use of role-models by also assigning new meaning
to those populations that are overrepresented.

5.1 Literature Review of Aspirations
Economists who study the role of aspirations in economic development have been
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largely influenced by Appadurai (2004)’s anthropology-based discussion of the
“capacity to aspire”. The underlying tenet is that, in addition to possession of material
goods and other forms of empowerment and opportunity, the poor and the non-poor
around them also have an attitudinal capacity within themselves to progress towards
escape from poverty. Appadurai described the “capacity to aspire” as being
fundamentally related to culture. He stated that, “for more than a century, culture has
been viewed as a matter of one or other kind of pastness - the keywords here are habit,
custom, heritage, tradition. On the other hand, development is always seen in terms of
the future - plans, hopes, targets, goals.... Aspirations certainly have something to do
with wants, preferences, choices and calculations. And because these factors have
been assigned to the discipline of Economics...they have been largely invisible in the
study of culture.”

Extending Appadurai’s ideas, Ray (2006) argued that the condition of poverty is
associated with a “failure to aspire.” He modeled the acquisition of the capacity to
aspire through persons who are in one’s cognitive neighborhood, which he termed, an
“aspirations window.” An individual fails to aspire when successful people are too far
away from one’s aspirations window. He also introduces the "aspirations gap" which
represents the distance from a target aspiration. Ray suggests that polarization may
lead to aspirations failure in poverty-ridden environments and that a highly mobile
society invites higher aspirational levels. He also noted that aspirations are probably
inherently multidimensional.

Genicot, and Ray (2010) provided a measure of the “aspirations gap” in the space of
income, based on the poverty gap measure of Foster, Greer, and Thorbecke (1984). In
an empirical illustration of their framework, they measure the aspirational level of
income as the average income of those above an individual’s income level and they
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successfully calibrated economic growth rates in Brazil based on their model. Dalton,
and Mani (2011) examined the conditions under which an appropriate role model could
help a poor person escape from poverty. They explore similarity functions to determine
the level of similarity that would create a role model that could address aspirations
failure. They demonstrated that a poor person would restrict the set from which their
role model is selected.

In psychology, for the past 50 years (see Gollwitzer, and Bargh (1996), for an earlier
survey) it has been generally accepted that goals constitute a primary source of
motivation and largely predict behavior and achievement (for earlier studies, see
Elliott, and Dweck (1988), and Ryan, and Connell (1989). The early literature
distinguished between goals that were set intrinsically and extrinsically, and studied
their effects on wellbeing. Endogenously set actions had an internal locus of causality,
and occurred in individuals who were more cognitively flexible (Grolnick, and Ryan
(1987)), and had higher self-esteem Deci, and Sheinman (1981). Locke (1995) argued
that consciousness and volition must be taken as axiomatic starting points. In response
to research done by behaviorists during the 1950’s and 60’s, Locke, and Latham (2002)
used 35 years of empirical research to demonstrate that task difficulty and specificity
are of central importance to task performance and satisfaction. Their studies of work
performance-related goal setting have been used broadly in the social sciences. A
study of the process of goal setting recognized such traits as commitment and
conscientiousness in Ajzen, and Flood (2009).

Theoretical models in economics have largely adopted the goal-driven approach to
aspirations. Heath, and Wu (1999) modeled goals as “reference points.” Their work
showed that loss aversion and diminishing sensitivity, characteristics of the value
function of prospect theory Kahneman, and Tversky (1979), and Tversky, and
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Kahneman (1992), can characterize goals and model phenomena that are noticed in
practice, such as the demotivating effect of high goals. Goals also serve as reference
points in Koch, and Nafziger (2011) and Suvorov, and Ven (2009) where goals are
endogenously determined by present-biased preferences. They derived a condition
under which short-term goals are better than long-term goals, and proposed that loss
aversion is a means of self-control.

Benabou, and Tirole (2003) followed psychologists and sociologists in viewing the use
of punishment as an incentive as counterproductive. They set up a principal agent
model, where the agent exerts more effort when offered control of a task, rather than
performing a supervised task. The policy implications are that people in authority
positions should offer control, rather than assigned tasks. Cho, and Matsui (2005)
assumed that a decision maker “satisfies,” rather than optimizes in an infinitely
repeated game. They assumed that each player sticks to the same action, if the action
has a one period payoff that is larger than a predetermined aspirational level where the
past history is summarized according to the average of past payoffs. Other game
theoretic models compared target aspirations to average payoffs from actions chosen
in the past, a process by which the agents update their aspirations (See Bendor, and
Ray (2001), Mookherjee, and Napel (2010), and Karandikar, and Vega-Redondo
(1998).

In addition to theoretical models, economists have used empirical studies to explore
the role of aspirations in various domains, such as subjective wellbeing, behavior, role
modeling and program interventions. Tanguy, and Dercon (2008) showed that narrow
aspirations windows, measured as the geographical proximity of the respondent’s
self-reported role model, stimulate very narrow or very wide aspirations gaps, and can
lead to aspirations failure. The aspirations gap was measured by a binary variable that
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depended on whether or not the respondent thinks she can be as successful as her role
model. Alois (2004) found that income aspirations, measured by a subjective income
evaluation, are negatively correlated with subjective wellbeing, measured as
self-reported satisfaction with life.

Exogenous factors affecting aspirations depend to some extent on role models. La
Ferrara, and Duryea (2008) examined the effect of media on decision making. They
found that individuals in Brazil who were exposed to certain soap operas had
significantly smaller families because they used the characters with small families as
role models. Hoffner, and Buchanan (2005) concluded that respondents identified with
characters perceived as similar to themselves, and these similarities were based on
gender and attitudes. Meng (2009) concluded that the bargaining power of children
should be taken more seriously in human capital models, which typically assign the role
of the decision making processes entirely to the parents. Linear probability models
showed that children’s aspirations correspond more strongly to measures of ability
than parents’ aspirations. Children with higher educational aspirations also had a
greater likelihood of staying in school.

Psychosocial support can allow individuals to aspire to greater future wellbeing, as
demonstrated by the Solidario program in Chile, studied by Carneiro, and Ginja (2010).
In their evaluation, aspirations took the form of specific life projects, such as having
housing, stable employment, and higher educational achievements for their children,
which the families identified together with the social worker. Random assignment of
leadership positions to women in Nicaragua not only led to higher aspirations and
greater optimism by the assigned leaders, but also had a positive effect on the rest of
the participants, who interacted socially with the leaders in Macours, and Vakis (2009).
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In Deci, and Ryan (2000) they introduce self-determination theory which models
important qualitative aspects of aspirations, a theory that challenges traditional purely
goal-driven approaches. According to this theory “an understanding of human
motivation requires a consideration of innate psychological needs for competence,
autonomy, and relatedness.” Deci, and Ryan (2001) concluded that “social contexts
and individual differences that support satisfaction of the basic needs facilitate natural
growth processes including intrinsically motivated behavior and integration of extrinsic
motivations, whereas those that forestall autonomy, competence or relatedness are
associated with poorer motivation, performance and well-being.”

The influence of social surroundings on intrinsic motivation suggests that an
individual’s capacity to aspire might depend on his/her social identity. Akerlof, and
Kranton (2000) argued that "identity can explain behavior that appears detrimental."
Sen (2007) modeled the process of detrimental identity creation where individuals may
fail to identify ways in which they are similar to others. The policy implications of this
approach are important for role-model programs adopted in schools. The hypotheses
demonstrate how the subjective perception of opportunity can lead to valuable choices
being dismissed by certain populations even though they are objectively available.
Exploring the role of intrinsic stimuli will establish whether they are a useful policy tool.

5.2 The framework Underlying the Hypotheses
The framework models aspirations, a soft construct recently viewed as having great
potential to impact processes that take place early on in life and affect future decision
making. It explores the psychosocial foundations of motivation and choice to construct
a nuanced model of aspirations that explains persistent low outcomes (poverty traps)
and persistent differential outcomes across groups (inequality traps). The hypotheses
encompass insights from the capability approach, case-based decision theory (Billot, I.,
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D., and D. (2005)) and identity theory (Sen (2007)). The framework is then used to
design a study that aims to pinpoint factors behind aspirational failures among
underserved populations and help target policies to address these failures.

The proposal follows a growing trend in empirical and theoretical economics to include
constructs that have been previously ignored by economists, due to their perceived
“soft” nature. These constructs have been given various labels such as “missing
dimensions” (Alkire (2007), Alkire, and Foster (2011a), “subjective wellbeing”
(Kahneman, and Deaton (2010)), “soft skills” or “non-cognitive skills” (Heckman
(2011)), and “capabilities” (Nussbaum, and Sen (1993)), yet often describe traits and
capacities of a similar nature. The central characteristic of these “soft” constructs is
that they are not measured by income or other standard economic variables; they
reside within the individual and, therefore, are considered to be difficult to measure.
Soft constructs are altering the practice and theory of economics in important ways. For
example, novel measures of wellbeing are being developed in both multidimensional
(Alkire, and Foster (2011a)) and unidimensional (Kahneman, and Deaton (2010))
contexts. In addition, theoretical models that include these constructs and can guide
policy in innovative ways are now being considered. There is empirical evidence that
soft constructs influence and change preferences (Borghans, Meijers, and Ter Weel),
Crano, and Prislin (2008)), and have strong predictive power regarding choice
outcomes (Heckman, J., and S. (2006)). Soft constructs are increasingly being
recognized as important tools for policy makers.

The capacity to aspire is linked to the process of choice making, a process that
ultimately determines choice outcomes. Economists and anthropologists have long
recognized the central role of choice in development Appadurai (2004), Sen (1988,
(1991)). If development is viewed as freedom (Foster, and Sen (1997), Sen (1999),
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the role of choice can be better understood when the focus is on the process of choice
making, rather than on choice outcomes alone (Sen (2004), Foster (2011), Alkire, and
Foster (2011a). In the present context, the process includes a step wherein choice
alternatives are evaluated in terms of their perceived availability. This internal
screening process removes options or reduces the probability of their being available to
persons like the choice maker. A greater capacity to aspire is associated with a broader
range of choices being available; I define “failure to aspire” as the phenomenon by
which a decision maker who has reason to value certain feasible choices does not
perceive those choices as being available. The extent of the failure to aspire can then be
measured as the degree to which a set of alternatives is effectively diminished.

In economic models, human motivation is often assumed to be driven by rewards and
incentives, a process otherwise known as extrinsic motivation. In an alternative view of
human motivation, intrinsic motivation is driven by innate psychological needs that
individuals seek to meet Deci, and Ryan (2000) and empirical findings suggest that
rewards and incentives have hidden costs and can effectively be demotivating (see
Deci, Koestner, and Ryan (1999), Deci (1975)). Thus, there has been a longstanding
call for economics models that incorporate intrinsic stimuli in the process of choice
making Kreps (1997). Consider for example an environment where equality of
opportunity hypothetically exists, yet inequality of participation is observed for certain
choice outcomes across the population; consequently, a particular population would be
underrepresented. An extrinsic motivational approach would lead to the paradoxical
assertion that this population, in the aggregate, does not respond to incentives or is
unwilling to exert effort given the cost-to-effort. In other words, the underrepresented
population is assumed to be either irrational or lazy. The model clarifies how studying
the process of choice making, as it influences the capacity to aspire, is crucial to
understanding why some populations do not consider available choices, even though
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they might have reason to value them Sen (2007).

Figure 5-1: Underrepresentation Trap

In Figure 5-1 the “aspirations failure” trap is represented by point A. Let y ∈ 0,1 be the
success or failure of the role models, the people that followed a certain pathway the
decision-making agent is considering. The vector of characteristics of the role models
are

x = ( x1 ,..., x m )

where some or all of them may be discrete. The similarity function

s is such that for two vectors of characteristics (or identities) xi = ( xi1 ,..., xim ) and
x j = ( x1j ,..., x mj ) it measures the similarity between agent i and agent j with identity
vectors

xi

and x j . Define the subjective probability yˆ n +1 =

∑
∑

s (xi , x n +1 ) yi

i≤n

s (xi , x n +1 )

where

i≤n

the probability that the agent assigns to a pathway she considering is the

s -weight of

all past successful cases of an individual following that particular pathway divided by
the total

s -weight of all past cases, successes and failures. The updating and evolution

of probabilities occurs until the subjective probability is equal to the objective
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probability at point C. One channel of similarity updating that this study explores is
through social stimuli that witnesses (or role models in our study) send. When at point
A, no agent makes the first step of assigning a high likelihood to an alternative pathway
that could help them escape poverty. This could mean that even though an alternative
is available to the agent, it is not considered.

I support that the choice of the functional form that determines the threshold of a
target must be behaviorally justified, even if the functional form depends on an
individual’s social neighborhood. An average of payoffs or incomes, for example,
models the process of goal setting in a mechanistic, rather than a behavioral, manner.
In addition to the creation of role models - those who share the same identity
characteristics and can be added to one’s aspirations window - people who do not share
many of the same identity characteristics and are outside of an individual’s aspirations
window can also represent a crucial tool for policy. Though this may seem
unconventional, the proposed research may clarify how such people can be useful for
addressing the failure to aspire.

The

applied

framework

draws

upon

case-based

decision

theory

where

similarity-weighted frequencies are introduced as subjective probabilities Billot, I., D.,
and D. (2005). In psychology, a similarity weighted probability also models exemplar
learning, and is assumed to represent a belief Gilboa (2009). Tools from the attitude
and attitude change literature are also used to model this perception. Crano,

and

Prislin (2008) defined an attitude as “an evaluative integration of cognitions and affects
experienced in relation to an object.” In the proposed model, social stimuli constitute
the attitude object.

Failure to aspire therefore represents the extent to which opportunity sets are smaller
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under subjective beliefs than under objective frequencies. The counterfactual world is
represented by what preferences could have been under intrinsic signals. Hence,
changes in choice outcomes can occur if i) the role models were different or ii) stimuli
sent by existing role-models were different. Research in the attitude literature (an
extensive survey can be found in Crano,

and Prislin (2008) determined that certain

attitudes are driven by the central processing or the peripheral processing of messages
related to the attitude object. In the present context, a decision maker considers
different pathways based on evidence of role model successes or failures. Each role
model is weighted by the similarity between the characteristic vectors and the
framework uses as a variable the central and peripheral processing of witness
characteristics that determine an individuals belief that an option is available.

This framework explicitly models attitudes, which are constructs subject to
manipulation and hence powerful policy tools, and which up to now, have been largely
viewed as passive in economics. It identifies policy tools that can be used to change
attitudes, perceived opportunities, effective preferences and finally choices. Instead,
wellbeing and decisions are seen as depending on perceived opportunities, which can
fall short of objectively viewed opportunities in the case of a failure to aspire.

The pilot questionnaire, which is presented in Appendix C, is guided by this framework.
The survey is designed to examine how relaxing non-monetary and non-informational
constraints can lead to attitudinal reversals. The findings of this study may shed light
on existing hypotheses for the importance of aspirations that leads individuals to invest
in their future – such as showing up for school.

5.3 Experimental Design
Though the original proposal for implementing this study was designed to capture
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entrepreneurial aspirations, in meetings with DCPS staff and the Deputy Mayor for
Education, I was informed that one of the most pressing problems they would like to
address is student absenteeism. They invited me to consider changing the survey
design so that it offers insight to this particular problem. Student absenteeism is a good
predictor of dropping out of high school, which in turn predicts low outcomes in many
dimensions later on in life. Empirical findings in development economics point towards
a “man-made trap” as discussed in Duflo (2012). In this man-made trap expectations
of the benefits of a high school diploma may be far-fetched, compared to realistic
expectations of the basic skills a high school diploma offers. I propose to investigate the
external validity of these findings in the United States. The surveys have been designed
so that these insights are incorporated.

The collection of data involves presenting a role model describing their success story on
a screen where each sentence of the story appears sequentially. The students in the
schools and youth clubs targeted for the study are 99 per cent Black and academically
under-performing. The study has received IRB approval and the research involves the
proper protocol of finding the permission of guardians. The IRB has classified the study
to be of minimal risk to the human subjects under study.

Currently, information from DCPS students is being collected in social media settings
where they are invited to state why they do not show up for school. Based on the
insights that this exercise provided, the narrative of the role-model stories were
designed and presented in Appendix C. The design allows us to simulate three levels of
similarity

s , s ∈ [0,1, 2] and two types of social stimuli S ∈ [i, r ] where i denotes

intrinsic and r denotes extrinsic. Extrinsic stimuli to stay in school focus on the end
result of attaining a high school diploma. Intrinsic stimuli pertain to a more realistic
account of the process through which a high school diploma is attained. Additionally,
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aspirational targets can be either white or blue collar success stories. The role models
are also differentiated by gender

G . The set of hypotheses is

H 0 : E[ y | s, G, S ] − E[ y | s* , G * , S * ] = 0
Block randomization will result in

(5-1)

24 categories of variation defined by gender, race,

type of stimulus and aspirational target. Intuitively, the set of hypotheses tests
whether attitudes towards the role models will reverse after controlling for extrinsic and
intrinsic stimuli and whether these reversals are stronger as similarity with the role
model increases. Rejection of each of the hypotheses will support that incentives, such
as daily raffles currently used by DCPS or unrealistic perceptions hidden in acquiring a
high school diploma, need to be revisited. Identifying attitudinal reversals involves
estimating the likelihoods with which subjects report that they could do what the role
model has done based on their gender similarity, race similarity and whether they were
exposed to intrinsic or extrinsic stimuli and to a white-collar or blue-collar success
story.

As with all

self-reported

ordinal

data, self-reporting bias and interpersonal

comparability concerns remain. However, such considerations are minimized through
randomization. The design entails the calibration of subjective and objective
probabilities based on the degree to which perceived similarities are distorted by the
peripheral processing of role-models who may not possess the same characteristics
that constitute the identity of the underrepresented population. In the same spirit,
Bowles, and Hoff (2006) note that “similar individuals in dissimilar socioeconomic
environments develop different preferences and beliefs that can transmit poverty or
affluence from generation to generation.”
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5.4 Early Findings and Concluding Remarks
Early findings from a pilot exercise in the Girls and Boys youth club in Anacostia have
suggested that white male role models are discouraging to young males of color yet
equivalent findings do not exist for females. When the same aspirational story is
delivered by a white male, black youth seem to be more discouraged than when a
non-white person of any gender shares the same story.

The findings of this study will shed light on how social stimuli, often in a highly-frequent
and compounded manner, lead to the construction of internal binding constraints.
Understanding how the process of aspirations creation can lead to inequality in
economic outcomes will add to our understanding of early processes that take place in
one’s environment. Changing existing attitudes may lead to better economic choices
for individuals, such as showing up for school. The findings of this pilot may inspire
larger scale policy-driven research for the problem of student absenteeism in the DC
area.

Depending on the findings, this research may invite change to the national standards
for designing role model programs. Material based on this research was incorporated
into two courses of the undergraduate economics 2151 class at the George Washington
University. A team of selected undergraduate students has contributed to the
questionnaire and the narratives design. The model and measures will be made publicly
available for practitioners, researchers and policy makers to use. The research will help
shape national and policies concerning vulnerable populations in the US.

The proposed research could also contribute to the field of education where soft
constructs have taken on a greater salience recently. The capacity to aspire is an
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important non-cognitive skill in K-12 schooling (see Heckman and Rubinstein 2001 for
a discussion of non-cognitive skills) and, as previously discussed, such skills can be
powerful policy tools. Although there is an abundance of psychometric measures for
non-cognitive skills, there remains a need for intuitive aggregate measures that are
transparent and readily used by policy makers involved in evaluating and improving the
quality of education.
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Appendix A:

Evaluation Reversals Examples

Scale:
10.0000 10.5000 16.7500 17.0000 17.2500
Percentage of reversals: 0.1338
Scale:
1 4 9 16 25
Percentage of reversals: 0.0481
Scale:
0 0.3010 0.4771 0.6021 0.6990
Percentage of reversals: 0.0531
Scale:
1.0000 2.5000 3.0000 3.5000 5.0000
Percentage of reversals: 0.0600
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Appendix B:

RCT Evaluation Results

Table B-1: Program impacts on Beneficiary’s Income (Logged)
Variable Description

N

Control

Treatment

Difference

SE

Total Beneficiary income

877

5.037

5.389

0.396**

(0.177)

Total annual income from agricultural wage employment
Total annual income for non-agricultural
self-employment
Total annual income for non-agricultural wage
employment

877

1.241

0.788

-0.105

(0.137)

877

2.690

2.866

0.179

(0.267)

877

0.537

0.518

-0.017

(0.145)

Income from sale of titular's own animals

877

2.010

2.851

0.481**

(0.195)

Income from backyard agricultural production

877

3.102

3.879

0.315

(0.261)

Income from temporary migration

877

1.343

1.376

-0.078

(0.195)

92

Table B-2: Program Impacts on Business practices
Variable Description

N

Control

Treatment

Difference

SE

How many customers do you have

877

7.600

9.415

2.840

(1.759)

Proportion of customers that are allowed to borrow

872

0.185

0.185

-0.009

(0.022)

Are activities recorded

877

0.167

0.222

0.060***

(0.022)

Titular records accounts

877

0.129

0.160

0.036**

(0.018)

Do you calculate profits of main activity

877

0.320

0.415

0.093***

(0.034)

Separate accounts within the household

877

0.210

0.274

0.050*

(0.026)

Household and business money saved separately

877

0.235

0.289

0.043*

(0.026)

Are household accounts written down

877

0.091

0.091

0.005

(0.018)

It's important to diversify

833

0.094

0.057

-0.032

(0.022)

It's important to practice accounting

833

0.135

0.119

-0.039**

(0.019)

Businesses fail because owners don't work hard enough

832

0.095

0.075

-0.035*

(0.019)

Customer service can always improve

832

0.054

0.041

-0.022

(0.015)

Businesses should discourage credit

877

0.227

0.247

0.021

(0.029)

Business profits should be reinvested in merchandise

877

0.121

0.170

0.049*

(0.026)

Business Practices

Business Practice Perceptions
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Table B-3: Program impacts on Beneficiary's Employment
Variable Description

N

Control

Treatment

Difference

SE

Was self-employed in agricultural activity

835

0.665

0.651

-0.041

(0.032)

Was self-employed in agricultural activity (including livestock)

835

0.946

0.967

0.016

(0.011)

Was self-employed in non-agricultural activity

835

0.371

0.372

0.003

(0.031)

Worked in agricultural wage job

835

0.182

0.138

0.007

(0.021)

Worked in non-agricultural wage job)

835

0.076

0.072

-0.003

(0.018)

Was self-employed in livestock

835

0.892

0.933

0.022

(0.018)

Worked as wage employed in agriculture

835

0.182

0.138

0.007

(0.021)

Worked as self-employment in food production

835

0.231

0.228

-0.009

(0.027)

Worked as self-employment in manufacturing

835

0.016

0.008

-0.010

(0.006)

Worked as self-employment in trading

835

0.137

0.182

0.059***

(0.020)

Worked as self-employment in services

835

0.052

0.056

-0.003

(0.011)

Worked as wage employed in private jobs

835

0.038

0.028

-0.000

(0.012)

Worked as wage employed in public jobs

835

0.038

0.044

-0.003

(0.011)

Total no of days worked (excluding agricultural activity)

835

110.865

107.685

-3.939

(9.998)

Total # days worked in non-agricultural self-employment

835

85.661

84.523

-7.027

(10.742)

Total # days worked in agricultural wage job

835

10.580

6.228

0.454

(1.271)

Total # days worked in non-agricultural wage job

835

14.625

16.933

2.634

(4.727)

Total # days worked as self-employment in food production

835

40.957

34.295

-12.987*

(6.920)

Total # days worked as self-employment in manufacturing

835

3.640

1.205

-2.215*

(1.315)

Last 12 Months

94

Variable Description

N

Control

Treatment

Difference

SE

Total # days worked as self-employment in commerce

835

33.769

43.123

12.022**

(6.113)

Total # days worked as self-employment in services

835

7.294

5.900

-3.847**

(1.869)

Total # days worked as wage employed in private jobs

835

3.081

5.462

4.573*

(2.598)

Total # days worked as wage employed in public jobs

835

11.544

11.472

-1.940

(3.687)

Worked last week -including unpaid work

835

0.391

0.423

0.040

(0.038)

Hours worked

835

8.609

7.705

0.299

(1.047)

Hours worked as self-employed in agriculture

835

2.348

3.255

1.131**

(0.497)

Hours worked as a wage employed in agriculture

835

1.110

0.258

-0.656***

(0.225)

Hours worked in non-agricultural self-employment

835

2.722

2.043

-0.347

(0.693)

Hours worked as in non-agricultural wage jobs

835

1.370

1.500

0.314

(0.535)

Household has a small food production business

834

0.220

0.226

-0.009

(0.026)

Household has a small trading business

835

0.166

0.206

0.054**

(0.023)

Household has a small service business

835

0.094

0.098

-0.003

(0.013)

Household has any types of business

877

0.623

0.689

0.056***

(0.022)

Number of businesses owned by the household

834

0.913

1.121

0.101

(0.067)

Household still has this business

834

0.547

0.616

0.035

(0.025)

Value of equipment/tools (log)

837

4.062

4.537

0.207

(0.217)

Expects the business will run in December (peak season)

834

0.507

0.603

0.085***

(0.032)

Last Week

Small Business Outcomes (last 12 months)
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Table B-4: Program Impacts on Savings
Variable Description

N

Control

Treatment

Difference

SE

Did you save in the past 12 months?

835

0.105

0.237

0.115***

(0.021)

How much did you save last month? (log)

838

0.247

0.586

0.338***

(0.099)

Are you currently saving?
Does titular have separate household savings
from her savings?

830

0.081

0.191

0.090***

(0.015)

838

0.040

0.115

0.057***

(0.019)

Table B-5: Program Impact on Credit
Variable Description

N

Control

Treatment

Difference

SE

0.324

In past 12 months has anyone taken out a loan

831
831

0.013
0.419

0.661

0.275***
0.205***

(0.036)
(0.035)

Did you get loan from FUMDEC

832

0.000

0.323

0.321***

(0.040)

Did you get loan from elsewhere (formal)
Did you take a loan from an informal source
(including communal banks)
Purpose of loan was agricultural activities

831

0.132

0.113

-0.019

(0.029)

831

0.009

0.069

0.059***

(0.012)

486

0.230

0.462

0.217***

(0.046)

Purpose of loan was non-agricultural activities

486

0.033

0.158

0.157***

(0.024)

Purpose of loan was for the household

486

0.038

0.048

0.008

(0.015)

Do you desire a loan in the coming months?

831

0.103

0.383

0.280***

(0.034)

Did you use a seed bank in the last 12 months?
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Table B-6: Employment of household adults (excluding beneficiary and children)
Variable Description

N

Control

Treatment

Difference

SE

0.751
0.841

0.780
0.886

0.025

(0.019)

Was self-employed in agricultural activity (including livestock)

1,565
1,565

0.034**

(0.016)

Was self-employed in non-agricultural activity

1,565

0.104

0.121

0.027*

(0.015)

Worked in agricultural wage job

1,565

0.434

0.400

0.002

(0.032)

Worked in non-agricultural wage job)

1,565

0.067

0.078

0.005

(0.013)

Was self-employed in livestock

1,565

0.360

0.414

-0.004

(0.021)

Worked as wage employed in agriculture

1,565

0.434

0.400

0.002

(0.032)

Worked as self-employment in food production

1,565

0.023

0.027

0.007

(0.007)

Worked as self-employment in manufacturing

1,565

0.004

0.003

-0.001

(0.002)

Worked as self-employment in trading

1,565

0.051

0.052

0.010

(0.012)

Worked as self-employment in services

1,565

0.033

0.044

0.011

(0.008)

Worked as wage employed in private jobs

1,565

0.052

0.049

-0.005

(0.011)

Worked as wage employed in public jobs

1,565

0.016

0.029

0.010

(0.006)

Total no of days worked (excluding agricultural activity)

1,565

86.076

74.158

1.436

(7.868)

Total # days worked in non-agricultural self-employment

1,565

21.717

20.486

2.995

(4.287)

Total # days worked in agricultural wage job

1,565

56.171

44.370

-2.429

(6.404)
(1.804)

Last 12 Months
Was self-employed in agricultural activity

Total # days worked in non-agricultural wage job

1,565

8.188

9.302

0.870

Total # days worked as self-employment in food production

1,565

4.402

3.826

-0.200

(1.822)

Total # days worked as self-employment in manufacturing

1,565

0.357

0.041

-0.044

(0.194)

Total # days worked as self-employment in commerce

1,565

12.287

10.740

1.250

(2.637)

Total # days worked as self-employment in services

1,565

4.671

5.879

1.988

(1.217)

Total # days worked as wage employed in private jobs

1,565

4.718

3.639

-0.759

(1.640)
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Variable Description

N

Control

Treatment

Difference

SE

1,565

3.470

5.663

1.629

(1.307)

Worked last week -including unpaid work

1,565

0.773

0.811

0.040**

(0.018)

Hours worked

1,565

31.888

33.547

1.525*

(0.859)

Hours worked as self-employed in agriculture

2,182

10.734

13.098

1.567**

(0.799)

Hours worked as a wage employed in agriculture

2,182

5.521

4.097

-1.127

(0.769)

Hours worked in non-agricultural self-employment

2,182

0.722

0.781

0.207

(0.213)

Hours worked as in non-agricultural wage jobs

2,182

1.487

1.924

0.123

(0.380)

Total # days worked as wage employed in public jobs
Last Week

Table B-7: Household Income for Adults excluding the beneficiary (Logged)
Variable Description
Total income from non-agricultural activity (4,5,6,7)
Total income from agricultural wage job (3, peon)
Total income from non-agricultural wage job (8,9)
Total income from self-employment in food production
Total income from self-employment in manufacturing
Total income from self-employment in trading
Total income from self-employment in services
Total income from wage employment in private jobs
Total income from wage employment in public jobs

N
2,182
1,564
2,182
1,564
1,564
1,564
1,564
1,564
1,564
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Control
0.411
3.394
0.297
0.093
0.023
0.269
0.238
0.293
0.131

Treatment
0.548
3.003
0.357
0.106
0.023
0.305
0.335
0.259
0.227

Difference
0.134
-0.083
0.046
-0.002
0.003
0.076
0.087
-0.011
0.082

SE
(0.088)
(0.257)
(0.067)
(0.035)
(0.015)
(0.103)
(0.064)
(0.076)
(0.059)

Table B-8: Child Labor and Schooling (children aged 16 and below)
Variable Description

N

Control

Treatment

Difference

SE

School attendance (current school year)

1,222

0.717

0.785

0.061**

(0.026)

Any work
Usual hours of work per week

1,217
1,183

0.760
8.709

0.767
11.104

-0.018
1.449

(0.026)
(1.073)

School only

1,217

0.195

0.204

0.023

(0.024)

Work only

1,217

0.237

0.185

-0.053**

(0.025)

Both in work and in school

1,217

0.523

0.581

0.036

(0.029)

Neither in work nor in school

1,217

0.045

0.030

-0.005

(0.012)

Table B-9: Household and Per Capita Income (Logged)
Variable Description
Total Annual income Per Capita (logged)
Total Per Capita annual income from agricultural wage job
Total Per Capita annual income for non-ag self-employment
Total Per Capita annual income for non-ag wage job
Total Per Capita annual income from agricultural self-employment
Total Per Capita income from temporary migration
Total Per Capita annual income from livestock
Total Per Capita Backyard Income
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N
877
877
877
877
877
877
877
877

Control
7.617
4.753
3.392
1.558
3.336
1.853
3.394
2.520

Treatment
7.884
4.124
3.437
1.526
4.201
1.698
4.009
3.144

Difference
0.156
-0.188
0.143
-0.090
0.406**
-0.078
0.305
0.247

SE
(0.128)
(0.278)
(0.310)
(0.198)
(0.158)
(0.195)
(0.296)
(0.222)

Table B-10: Consumption Per Capita (Logged)
Variable Description

N

Control

Treatment

Difference

SE

Total per capita food and non-food consumption (logged)

877

8.884

9.078

0.134

(0.088)

Total

877

8.76

8.934

-0.083

(0.257)

Total per capita food self-consumption (logged)

877

8.567

8.749

0.046

(0.067)

Total per capita food purchased (logged)

877

6.901

6.931

-0.002

(0.035)

Total per capita non-food consumption (logged)

877

6.66

6.928

0.003

(0.015)

per capita food consumption overall (logged)

Table B-11: Intra-household allocation of private consumption goods
Variable Description

N

Control

Treatment

Difference

SE

Titular's share of all non-food items

759

0.344

0.372

0.051***

(0.018)

Husband's share of all non-food items

759

0.318

0.275

-0.053***

(0.019)

0.338

0.353

0.002

(0.020)

Others' share of all non-food items

759
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Table B-12: Aggregate Indices for Agency Proc
Variable Description

N

Control

Treatment

Difference

SE

Intrinsic Motivation (Aspirations) Index

830

0.808

0.826

0.010

(0.006)

Locus of Control Index

831

0.778

0.793

0.014*

(0.009)

Self-Esteem Index

830

0.844

0.864

0.005

(0.007)

Aggregate days of feeling positive

831

10.877

11.333

-0.107

(0.327)

Aggregate days of feeling negative

831

27.127

26.249

-0.529

(1.352)

Table B-13: Assets
Variable Description

N

Control

Treatment

Difference

SE

Index of durables

832

0.442

0.446

-0.026***

(0.005)

Owns a radio

833

0.134

0.131

-0.019*

(0.011)

Owns a stove

833

0.049

0.031

-0.026***

(0.010)

Owns a vehicle

833

0.123

0.126

-0.023

(0.020)

Owns a refrigerator

833

0.056

0.021

-0.035***

(0.012)

Owns a fan

832

0.036

0.015

-0.024***

(0.008)

Owns a grinder

833

0.940

0.956

0.001

(0.014)

Owns an iron

833

0.152

0.072

-0.097***

(0.023)

Owns a tv

833

0.190

0.218

0.012

(0.026)

Owns a bicycle

833

0.266

0.290

-0.015

(0.031)

Owns dishes

833

0.996

0.992

-0.004

(0.007)

Owns cookware

833

0.991

0.982

-0.010

(0.007)

Owns a table

833

0.729

0.731

-0.083***

(0.023)

Owns a chair

833

0.736

0.767

-0.059**

(0.026)
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Variable Description

N

Control

Treatment

Difference

SE

Owns a truck

833

0.083

0.077

-0.032*

(0.019)

Owns a work animal

833

0.499

0.521

-0.054**

(0.025)

Owns a water bomb

833

0.886

0.933

0.009

(0.013)

Owns tools

833

0.893

0.959

0.034**

(0.015)

Owns a sewing machine

833

0.166

0.159

-0.060**

(0.025)

Owns an oven

833

0.298

0.356

0.010

(0.032)

Raised cattle, bulls, calves

833

0.262

0.351

-0.002

(0.030)

Raised pigs

833

0.582

0.741

0.081***

(0.027)

Raised chicken

833

0.922

0.969

0.031**

(0.014)

Raised horses, donkeys, mules

831

0.289

0.366

-0.004

(0.025)

Raised other animals

831

0.031

0.082

0.039*

(0.022)

Livestock

Table B-14: Intra-household Decision making
Variable Description
Aggregate sole decision making by titular
Aggregate joint decision making
Aggregate sole decision making by husband
Relationship Index
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N

Control

Treatment

Difference

SE

877
877
877
730

0.412
0.193
0.330
0.654

0.371
0.314
0.277
0.717

-0.003
0.083***
-0.049***
0.044**

(0.015)
(0.024)
(0.017)
(0.019)

Table B-15: Social Participation
Variable Description

N

Control

Treatment

Difference

SE

Overall likelihood of attending social activities

873

0.317

0.463

0.149***

(0.012)

Number of social activities attended

873

9.235

16.207

6.809***

(0.823)

Participation in social activities

Attended training in the community

827

0.202

0.621

0.412***

(0.028)

Attended meetings in community

827

0.511

0.655

0.151***

(0.020)

Attended community association meeting

827

0.114

0.447

0.340***

(0.035)

Attended parents’ association meeting

827

0.256

0.281

0.037

(0.026)

Attended religious association meeting

827

0.287

0.291

-0.026

(0.037)

Attended school meal preparation

827

0.641

0.631

0.014

(0.025)

Number of trainings attended

873

0.822

4.427

3.470***

(0.353)

Number of community meetings attended
Number of community association meetings
attended
Number of parents’ association meetings attended

873

2.091

3.593

1.394***

(0.193)

873

0.324

1.563

1.188***

(0.181)

873

0.917

1.017

0.103

(0.096)

Number of religious meetings attended

873

2.011

2.504

0.623

(0.493)

Number of school meal preparation attended

873

3.070

3.104

0.030

(0.287)

Intensity of social interactions
Talked to community leader in last week

810

0.155

0.134

-0.000

(0.021)

Talked to alcaldito in last week

765

0.053

0.055

0.013

(0.012)

Talked to health worker in last week

807

0.234

0.259

0.035

(0.028)

Talked to teachers in last week

824

0.369

0.398

0.011

(0.038)

Talked to religious leaders in last week

819

0.400

0.397

-0.031

(0.031)

Talked to relatives in last week

827

0.789

0.800

0.008

(0.023)

Talked to neighbors in last week

826

0.879

0.919

0.054***

(0.016)

Talked to others about food prices

827

0.516

0.590

0.076***

(0.026)

Talked to others about input prices

827

0.166

0.262

0.087**

(0.039)
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Variable Description

N

Control

Treatment

Difference

SE

Talked to others about small businesses

827

0.217

0.291

0.080***

(0.029)

Talked to others about new agricultural practices

827

0.076

0.130

0.038**

(0.019)

Talked to others about relationships with men

827

0.150

0.195

0.033

(0.028)

Talked to others about other women issues

827

0.307

0.371

0.049

(0.039)

Degree of community cohesion (1-5)

826

3.789

4.049

0.268*

(0.144)

Degree of collaboration in community (1-5)

826

4.146

4.270

0.140*

(0.068)

Degree of trust in relatives (1-5)

826

4.249

4.288

0.069

(0.061)

Degree of trust in neighbors (1-5)

826

3.344

3.317

-0.020

(0.061)

Degree of trust in women leaders (1-5)

826

3.384

3.701

0.280***

(0.076)

Degree of trust in men leaders (1-5)
Degree of trust in other women in communities
(1-5)
Degree of trust in other men in communities (1-5)
Degree of trust in people from outside the
community (1-5)

826

2.894

3.132

0.227*

(0.116)

826

3.130

3.208

0.065

(0.073)

826

2.490

2.592

0.151

(0.092)

825

2.583

2.587

0.008

(0.082)

Trust and Social cohesion
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Appendix C:

Questionnaire for Pilot Study

Appendix C-1:

Narratives with commentary

The sentences for the narrative were chosen very strategically. We wanted to make the
narratives as standardized as possible, with very subtle variation, in order to control for
information as much as is possible. However, we made sure that the discrepancies in
the intrinsic and extrinsic stimuli were subtle yet present. In the White Collar Intrinsic
narrative, the sentence “Teachers were boring, and I struggled to stay interested in
class, but I kept at it,” by putting emphasis on the fact that they ‘kept at it’, suggests
that the success of the student came from their own perseverance, as opposed to
encouragement from their teachers or the school. With this method of analysis, we
constructed the narrative. Because both intrinsic and extrinsic are the same aside from
the job differences, I only present notes on one of each.

Appendix C-2:

White Collar Intrinsic

“I was not the best at school growing up.” This familiarizes the role model.

“Teachers were boring, and I struggled to stay interested in class, but I kept at it.” This
measures how the motivation to stay in school came from the individual.

“I surprised a lot of people when I got into college and decided to go. I wanted to
become a doctor. I applied to as many medical schools as I could.” This represents a
possibility of poor circumstance because people were surprised that the role model got
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into college. They apply to as many as they can, hinting that they are not
overconfident.

“I got into one, and I’ll be starting next year.” Shows that while they applied to many,
they got into one, making them more relatable.

“My friends are pretty surprised that

I’ll be a doctor.” Again, indicating not a very supportive environment growing up.

“I think that anyone can achieve what I have done as long as they work hard.” An
ending which invites the mentee to feel that they can be confident about their future
and achieve what the role model did with hard work.

Appendix C-3:

White Collar Extrinsic

“I was not the best at school growing up.” This familiarizes the role model (staying
same as the first one).

“Teachers were boring, and I struggled to stay interested in class, but I knew I was
smart enough to succeed.” This measures the individual’s confidence level in
themselves.

“I surprised a lot of people when I got into college and decided to go. I wanted to
become a doctor. I applied to medical school.” This represents a possibility of poor
circumstance because people were surprised that the role model got into college.
However, in this sentence the role model does not specify that he/she applied to many
schools, subtly indicating that they are confident in themselves to not have to apply to
many.
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“I got in and I am starting next year.” Short and matter of fact, represents exclusivity.
“My friends are pretty surprised that I’ll be a doctor.” Again, indicating not a very
supportive environment growing up.

“I achieved what I did because I worked hard.” An exclusive ending, not inclusive of
others because the role model is only focused on themselves.

Appendix C-4:

Blue Collar Intrinsic

“I was not the best at school growing up.” Same as previous. All first lines are the
same to embody overall background of the models.

“Teachers were boring, and I struggled to stay interested in class, but I kept at it.”
Measures individual’s tenacity at school.

“I wanted to be a security guard. I looked at security companies and training programs,
and they all required a high school diploma.” This presents the attainable post-high
school possibilities for the individual. A different route from college and one that should
be familiar to the reader. A blue collar job that does not seem so far-fetched or
unattainable.

“I got accepted to a training program. I’ll be starting next year! My friends are happy
for me.” Role model helps the reader envision the same outcome for themselves. A
program that accepts regardless of school merits (just diploma needed) and the
swiftness of the role model’s enrollment. The reader is able to envision their friends
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being happy for them. The role model’s outlook is not only encouraging but can be
obtained.

“I think that anyone can achieve what I have done as long as they work hard.” Role
model is externally focused. Encourages reader that it is not impossible to reach for the
same goals.

Appendix C-5:

Blue Collar Extrinsic

“I was not the best at school growing up.” Same as previous. All first lines are the
same to embody overall background of the models.

“Teachers were boring, and I struggled to stay interested in class, but I knew I was
smart enough to succeed.” Measures role model’s level of self-confidence as well as
tenacity.

“I wanted to be a security guard. I looked at security companies and training programs,
and all they required was a high school diploma.” Role model is more self-assured in
decision to become security guard; it is not just about circumstance and what is
attainable.

“I got accepted to a training program.” Abrupt compared to blue collar encouraging.
No information about the program to give reader inspiration. Role model is unrelatable.
Comes off as more self-focused.

“I achieved what I did because I worked hard.” The role model’s story is internally
focused. The reader will not be encouraged to take the same approach as they did. The
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role model is lecturing the reader just as teachers do. The mentee will compare their
work ethic to role model’s and theirs (the readers ethic) could be measured as less.

Appendix C-6:

Pilot Questionnaire

1. How likely is it that you could do what NAME OF ROLE MODEL did?
1 2 3 4 5 scale on a spectrum of “Very Unlikely” to “Very Likely”
2. How similar are you to NAME OF ROLE MODEL?
1 2 3 4 5 scale on a spectrum of “Very Unlikely” to “Very Likely”
3.

Would you like to do what NAME OF ROLE MODEL did?
YES NO

4.

Do you control your school performance?
YES NO

5.

Was ROLE MODEL’S NAME success due to luck?
YES NO

6.

How likely is it that SCHOOL NAME/YOUTH CLUB can help me achieve what ROLE
MODEL NAME has achieved?
1 2 3 4 5 scale on a spectrum of “Very Unlikely” to “Very Likely”

7.

Is it possible to impact a situation as it happens?
YES NO

What do you like about school/youth club? **
What do you not like about school/youth club? **
** Open response questions for focus group questions.

Appendix C-7:

Final Narratives (without commentary)

White Collar Intrinsic:
I was not the best at school growing up.
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Teachers were boring, and I struggled to stay interested in class, but I kept at it.
I surprised a lot of people when I got into college and decided to go. I wanted to
become a doctor. I applied to as many medical schools as I could.
I got into one, and I’ll be starting next year.

My friends are pretty surprised that I’ll

be a doctor.
I think that anyone can achieve what I have done as long as they work hard.

White Collar Extrinsic:
I was not the best at school growing up.
Teachers were boring, and I struggled to stay interested in class, but I knew I was
smart enough to succeed.
I surprised a lot of people when I got into college and decided to go. I wanted to
become a doctor. I applied to medical school.
I got in and I am starting next year.

My friends are pretty surprised that I’ll be a

doctor.
I achieved what I did because I worked hard.

Blue Collar Intrinsic:
I was not the best at school growing up.
Teachers were boring, and I struggled to stay interested in class, but I kept at it.
I wanted to be a security guard. I looked at security companies and training programs,
and they all required a high school diploma.
I got accepted to a training program. I’ll be starting next year! My friends are happy
for me.
I think that anyone can achieve what I have done as long as they work hard.

Blue Collar Extrinsic:
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I was not the best at school growing up.
Teachers were boring, and I struggled to stay interested in class, but I knew I was
smart enough to succeed.
I wanted to be a security guard. I looked at security companies and training programs,
and all they required was a high school diploma.
I got accepted to a training program. My friends are happy for me.
I achieved what I did because I worked hard.

Figure C-5-1: Sample Front Side of Card
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Figure C-5-2: Sample Flipped Side of Card

Figure C-5-3: Sample Front Side of Card
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Figure C-5-4: Sample Flipped Side of Card

113

