Monitoring Human Development Goals: A
Straightforward (Bayesian) Methodology
for Cross-National Indices

Kobi Abayomi & Gonzalo Pizarro

Social Indicators Research

An International and Interdisciplinary
Journal for Quality-of-Life Measurement
ISSN 0303-8300

Volume 110
Number 2 SOCIAL INDICATORS

RESEARCH

Soc Indic Res (2013) 110:489-515
DOI 10.1007/511205-011-9946-y

NNNNNNNNNNNNNNNNNN

Editor: Alex C. Michalos

@ Springer



Your article is protected by copyright and

all rights are held exclusively by Springer
Science+Business Media B.V.. This e-offprint
is for personal use only and shall not be self-
archived in electronic repositories. If you
wish to self-archive your work, please use the
accepted author’s version for posting to your
own website or your institution’s repository.
You may further deposit the accepted author’s
version on a funder’s repository at a funder’s
request, provided it is not made publicly
available until 12 months after publication.

@ Springer



Soc Indic Res (2013) 110:489-515
DOI 10.1007/s11205-011-9946-y

Monitoring Human Development Goals:
A Straightforward (Bayesian) Methodology
for Cross-National Indices

Kobi Abayomi - Gonzalo Pizarro

Accepted: 3 October 2011 /Published online: 20 October 2011
© Springer Science+Business Media B.V. 2011

Abstract We offer a straightforward framework for measurement of progress, across
many dimensions, using cross-national social indices, which we classify as linear com-
binations of multivariate country level data onto a univariate score. We suggest a Bayesian
approach which yields probabilistic (confidence type) intervals for the point estimates of
country scores—a vital, and often missing, feature in cross-national comparisons. We
demonstrate our approach using the United Nations Development Programme’s Millen-
nium Development Goals (MDGs), via the Maternal and Neonatal Program Effort Index
(MNPI]) data (Ross et al. in Trop Med Inter Health 6(10):787-798, 2001), and Human
Development Index (HDI) (2010) as examples.

Keywords Millennium development goals - Indexing - Performance measurement -
Bayesian statistics - Component analysis

1 Indexing

We call an index a metric—often constructed on administrative, spatial or heuristic units—
that is used to characterize some salient, though latent—and perhaps not directly mea-
surable—quality or quantity. For example: Gross Domestic Product (GDP) and the Dow
Jones indexes are common economic indices; Pacific Decadal Oscillation (PDO) and El
Nino (Francis et al. 1998; Gershunov and Barnett 1998) as climatological indices; the
Human and Ecosystems Wellbeing Indexes—(HWI) and (EWI) (Prescott-Allen 2001) and
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490 K. Abayomi, G. Pizarro

the United Nations Human Development Index—(HDI) (Place holder for Human Devel-
opment 2011) are well known social indices.

Social indices seek to describe as well as predict phenomena that are often poorly
measured and ill-defined. A fortiori, the act of constructing and reporting the index can
yield new information, which can be used to guide more appropriate measurement or
experimental design and refine future indexing (see Fuentes and A Holland 2006) for a
creative example using Bernardo’s 1979 fundamental comment on information maximi-
zation as a criteria).

Most indices, as functions on observed or observable data, are essentially linear or non-
linear collections of (almost always) non-independent variables for the purpose of pro-
jecting a multidimensional concept onto a univariate scale of comparison. The scale of
comparison—the range of the index—though arbitrary, is completely determined by the
scheme for index construction and the characteristics of the underlying data (see for
instance the Environmental Sustainability Index (ESI) (Abayomi et al. 2008, 2010). It is
vital that any useful index be thoughtfully constructed in consideration of the way in which
the consumers of the index—principally policymakers—typically focus on relative rank-
ings rather than absolute scores. This is certainly true for development indices—where
relative performance can drive international aid, excite or discourage potential donors, and
(at least) bolster or embarrass politicians and elected officials.

1.1 An Index as a Statistical Object

Our goal in this paper is to suggest a straightforward framework for an index that remains a
brief, cogent summary of important multidimensional concepts, accounts for measurement
error, and conveys this information in a way that illustrates a discrimination among—or
significant differences between—the results that policymakers will be able to use. Wolff
et al. (see Wolff 2008) have illustrated the significant effect measurement error may have on
an index score using the Human Development Index (see Place holder for Human Devel-
opment 2011) as an example. By varying assumptions about the exactness of the data, the
propriety of the computational formula, and the choice of quantile cut-offs for classifying
countries they demonstrate a striking inconsistency with the reported values of the HDI.

Our contribution is consonant with Wolff et al’s work in that we seek to incorporate
Morgenstern’s insistence (see Morgenstern 1970) on including distributional information
(or variance) with point estimates. Our approach is a priori instead of post hoc, though, in
that we offer a framework for the computation of measurement error available to the index
constructor at the point of construction and not as a suffix or revision to completed work.

In the methodology section below we outline a generalized procedure for considering an
observed value of a cross national index as some point estimate y generated as a linear
combination of random predictors X. We consider the construction of the index as an
simultaneous estimation problem of the weights ¢—the specific linear combination to
use—the point estimate for each country and associated confidence intervals.

2 Methodology

Our approach is to define the multivariate data on which the index is defined as random
variables with probability distributions. This assertion leads us to see the observed scalar
index as a random quantity and as an estimate for some true characteristic. We consider the
randomness, or error if you will, in the observed point estimate of the index (at each
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country) to arise from the random distribution of the underlying data and the particular
linear combination—choice of weights—used.

Intellectually we can consider the random distributions for the multivariate data as the
sampling model for the index; we should consider a random distribution for the weighting
scheme as the design model for the index. Below we consider the explicit consideration of
both sampling and design randomness on probabilistic intervals for the country specific
estimates. We in no way consider these illustrations definitive or complete, rather we suggest
these a framework for understanding the eventual country scores as random objects with error
bars around them. As well, we do not consider the area specific theoretical issues that may
guide index constructors to select which, what and how to measure (see OECD 2008). Our
methodology addresses the index specifically as an estimator of a univariate parameter which
is the mapping of a multidimensional country level conceptual model to a univariate value.
The choice of weights, the design, of course fixes a particular conceptual model—we address
this below as a statistical issue and not more fully as an exogenously philosophical one.

2.1 Data

The data arrive in this methodology as
X == (Xl, .. .,X]() NfX

a collection of ratings/scores with some multivariate, non-independent, distribution fx.
Each X; can be an ‘average’ from judges (say 1,...,n;)—or not. Our focus here is the
specification of y; as a random score for country i, with an associated confidence interval
(CI) for country i of the form:

Ply; € (Lj,U;)) =1 -«

with L; and U; the confidence bounds for each score. Thus we need a framework that
generates a different CI for each y;, i.e. for each country i; each y; is a ‘weighted score’ of
judge ratings on variables/items X through X;. That is:

K
yi=>_ X (1)
=1

The vector ¢’ is the ‘weighting’ scheme chosen for the index: Under the assumption that
this scheme is constant across countries i = 1,...,N, the CI’s (at each country i) should
then be a function of the randomness of a particular choice of scheme ¢’ as well as the
distributional or sampling assumptions from the data X.

Let i = (uy,...,Uuxg) be the vector of means for the variables X in the index. Let
o = (0'%, ...,0%g) be the vector of variances. Notate o;; = Cov(Xj, X;) and collect the
variances and covariances in the matrix X. The correlation is p;; = %, collect the cor-

relations as p = ((pj1));</—1..x-
2.2 Confidence Intervals

Prevailing, comparable indexes lack proper probability or sampling models: country level
scores in absence of distributional assumptions may be ordered and ranked—but only in
ignorance of statistically significant difference.

The Human Development Index (HDI) (Human Development2009) and Environmental
Sustainability Index (ESI) (World Economic 2001, 2002), for example, take opposite
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approaches to modeling complexity: the HDI is an immediate combination of a small
number of variables while the ESI is a weighted linear combination of many data sources.
Neither of these indexes, though, yields any information on significance of differences in
score (see also Adler et al. 2009).

In practice this leaves policy makers and stakeholders to compare magnitudes or
rankings in obscurity of the sensitivity of the index to differential inputs. A fortiori, real
differences between country effort are indistinguishable and unidentifiable. This flaw has
severe implications and impacts: countries with truly differing scores may look similar,
countries with similar scores may be judged identical—each error masking processes that
need to be improved.

Three possible methods of generating the country-wise confidence intervals are:

e Distribution Free—minimal assumptions are placed on multivariate distribution of the
Judges’ ratings.

e Frequentist—Distributional assumptions on fx, the multivariate distribution of X.

e Bayesian—Prior distributions on the parameterization of fx.

These approaches are listed in order of the restrictiveness of a priori assumptions:
distribution free (distribution invariant) approaches impose the least assumptions on the
data—the Bayesian approaches impose the most structure. Generally, a more definite
model, one which requires stronger assumption, yields tighter confidence intervals for the
parameter estimates.

2.2.1 ‘Distribution Free’ Approach

For example, using the well known Tchebyshev’s inequality we can write a ‘distribution
free’ confidence interval (given known covariance matrix 2 as)

K K 2 2
o +2) . cicio;
(1—a)zP<ye§ c,-xjiz> SR L AR VR LT 2)

2
= !

which sets the (1 — «) CIs to be L; < ZIK:I cX; —t and U; > Z/K:I cjX; + 1.
2.2.2 ‘Simple Frequentist’ Approach

Alternately we could suppose the joint distribution for the judges ratings is multivariate
normal:

X~fx =Ng(u', 2)
with univariate normal distributions that are identical across countries i, pu; = u;
2
Xij NN(:“j? Jj )

The expectation and variance of y; = >_&, ¢; X; are as above:

K
E(y) = ZCjE(Xj)

Var(y) = Z c_?ojg +2 Z cjc10j)

j=1 j=1 j<l
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y; then is distributed univariate normal since linear transforms of normal distributions are
normally distributed.

j<l

K K
yi~N (Z Cilj, Z Cjz()’j2 +2 Z CjCﬂfjJ)
= =1

and the (1 — o) confidence interval for any y; is

K
ity Zoja (Z o +23 Cﬁl“ﬁ-/) > 3)
i=1

K
j= j<l

(l—oc)ZP(ye

Jj=1

setting (L;, U;) = ZJKZI il £ Zy - (Zlel Gor +23 cjc,o'jvl). These are fixed width
CI’s; contrast with the above distribution-free result where the CI width is slack and we

take the most conservative bound.

We suggest and illustrate below what could be called a simple or naive Bayesian
approach in this paper: we fix the prior distributions to be conditionally independent and
we initialize them with simple, exogenous estimates we can generate immediately. This is
a commonly used approach on many types of data, straightforward, and flexible for dif-
ferent settings. See Gelman et al. (2004) for a good reference on the Bayesian approach to
data modeling.

2.3 ‘Straightforward Bayesian’ Framework

The Bayesian approach is to incorporate distributional assumptions on the parameters of
interest. In this setting these parameters are introduced to yield posterior probability dis-
tributions for the country scores y; and to impose prior probability distributions for the
mean, covariance, and weighting parameters—u”, = and ¢’.

2.3.1 Multivariate Normal: ¥ ‘known’

Consider the case when the covariance matrix for X is known or (very) well estimated. The
prior distribution

1! ~N(ug, Ao)

assumes that the means are multivariate normal with ,uOT , Ao fixed (i.e. estimated from
data). The posterior distribution for u” is

(' [x, Z) = N(g,, An)
where
:un = (A(;l + n271)71 (Aalﬂ() + nzili)
and
Ah = Ay !

Here x are the n observed judge ratings. Note that y is merely a linear transform of x, in
vector notation: y = ¢’ X. Thus y is univariate normal with
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E(y) =c'p,
and
Var(y) = Var(c"u,) = ¢"A,e

The Bayesian CI's (often called Credible Intervals) are the random draws from the dis-
tribution; the posterior distribution here is multivariate normal. In this case we have closed
form expressions for the expectation and variance of y—a reasonable approximate
Bayesian CI is

(1—a)=P(y €y, £Z,, Ay 4)
2.3.2 Multivariate Normal: ¥ ‘unknown’

The results are similar with the additional relaxation of a prior on the variance-covariance
matrix £ as well. A common prior is:

T ~ Inv — Wishart,,(Ay")
and

.ulz NN(:“’O7 Z/Ko)

where vy and x are the degrees of freedom and scale matrix for the inverse-Wishart
distribution on X. The joint posterior is multivariate normal. Sampling from the joint
posterior to generate CI’s for y can follow this algorithm (Gelman et al. 2004):

1. Draw Z|x ~ Inv — Wishart,,.,(A,")

2. Draw pT|Z, x~N(u,, /1)

3. Compute y = ¢’ p

with vy a parameter for the Inverse Wishart distribution. This yields a sampling posterior
for y and the CI can be gleaned directly from inspection of the simulated replicates.

2.4 Considering the Weighting

Choosing the appropriate weighting scheme and generating CI’s for each scalar y; are
separable tasks. The CI’s are of course affected by the choice of weighting scheme,
however, the weights themselves are arbitrary in the sense that they are subject to an
exogenous constraint chosen by the indexers.

Desirable conditions on the choices on the weights could be:

e Maximal independence within X
e Minimum covariance between X; and X
e Maximum variation across scores y;

2.4.1 Maximal Independence

Consider a model
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where the components of Y are independent, and B is an estimate of Al a mixing matrix
for the latent/unobserved model:

X =AS

with S~Q = Hszl Q;. This is the Independent Component Analysis (ICA) model and

algorithms exist to estimate B and thus the y as S.
Consider a diagonalization of B

B=LTDL

with L an upper triangular matrix, and D a diagonal matrix. D yields a weighting scheme
for the components of X and could be used as weights ¢’. Alternately, since Y, = B; X—
the ‘independent’ output of the ICA algorithm could be used as proxies for X in a null
weighting scheme.

2.4.2 Minimum Covariance

Principal Component Analysis (PCA) can be viewed as a special case of the above ICA
approach where Q is a multivariate Gaussian distribution (see Abayomi et al. 2008, 2010).
The diagonalization of B is immediately

B = ATEA

where A and E are the eigenvectors and eigenvalues of the covariance matrix X in Q.
Weighting items or components in this scheme is essentially Factor Analysis (Johnson and
Wichern 1999).

2.4.3 Maximum Variation Across Scores

The output of the MDG indexing—a presentation of country-by-country scores (with
confidence intervals and ranks)—suggests that maximizing variation across scores (across
countries) is a desirable feature of a weighting scheme.

This goal may be addressed in a repeated measurement extension of the ICA or PCA
algorithms, where the individual judge ratings are collected over all countries X;—;_ y

2.4.4 Bayesian Weighting

A direct approach is to let the ¢’ weights themselves have a prior distribution and
investigate the distribution of y with this additional prioritization.
This is to model y as univariate normal as above:

y~N(c"w,, e"Ac)
with
1" ~N(uf, Ao)
and

X ~ Inv — Wishart,, (Ay")
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and
¢’ ~ Dirichlet(a)

Sampling from the joint posterior to generate CI’s for y can follow this algorithm:

1. Draw ¢ | x ~ Dirichlet(x)

2. Draw Z|x~ Inv — Wishart,,.,(A;,")

3. Draw p!'|Z, x~N(u,, T/x,)

4. Compute y = ¢ u

withoy =+ = o = 1y, k, and A, !"as before. In a Monte Carlo procedure this program

is iterative and repeated until tolerance limits on the distribution of the parameters are
satisfied. See Gelman and Hill (2006) for a fuller elucidation of this approach in varied
settings.

We do note that this weighting approach is one of many possible: for example a naive
version of the Bayesian scheme here could be to set a degenerate distribution for ¢” taking,
for instance, each weight c; as proportional to the sample variance of each X;. This could be
considered a straightforward frequentist approach.

The weighting scheme needn’t be purely, or at all statistical. Hagerty et. al (2001)
discusses varied weighting approaches for several extant indices; some rely not on past
data but on prospective (prior) elicitation of expert opinion. In a strict sense this sort of
divination, from expert opinion, can and should be framed as a statistical issue (see
Gelfand et al. 1995); the point is that the weighting scheme is by no means necessarily
derived from the variable predictors x or the index/response y.

Lastly, the weighting scheme presented here is particular to the class of indicators
derived by linear (or perhaps log-linear) indexes. See Hagerty and Land (2007) for a more
general discussion of weighting in the context of cross-administrative indices.

In the remainder of the paper we illustrate the Bayesian approach on the Human
Development Index (2010) data and the Maternal and Neonatal Program Effort Index
(MNPI]) data (Ross et al. 2001), with relevance to the Millennium Development Goals
(MDGs).

3 Maternal Mortality for the Millennium Development Goals

The United Nations Millennium Development Goals (MDGs) are eight objectives, by
consent of the United Nations Member States in 2000, set out in the Millennium Declaration
as benchmarks for reduction of poverty and hunger and increase of access to health care and
education (MDG Task Force Progress 2010). Achievement of the Millennium Development
Goals (MDGs) requires country-level, coordinated government efforts to reduce poverty
and develop human resources, allied with efforts of private organizations and individuals
(Millennium Development Goals 2010). These resources are realized financial, technical,
and policy support from bilateral donors, multilateral institutions, and new sources of
development finance such as philanthropic foundations (MDG Task Force 2010).

The existing monitoring of most of the elements of the MDG goals, operationalized in
21 specific targets and 60 indicators, is done systematically through the annual report on
MDG progress (MDG Task Force 2010), which provides a comprehensive stocktaking
across MDGs 1 through 7. Donor inputs, MDG 8, are tracked through the report of the
MDG Gap Task Force (2010), which has become an annual publication. Other indices and
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reports, such as the Commitment to Development Index (2009) and the annual ONE-
DATA report (2009) on the fulfillment of commitments to Africa, also provide broad
assessments of donor performance.

It is vital to model effort or performance “scores” for the MDGs as statistical, non
deterministic objects. On the one hand, objective measures for distributional inequality are
unlikely to be universally available (see Abayomi et al. 2008) and on the other much of the
questionnaires are explicitly based on subjective expert ratings. The situation has some
parallels to measurements for corruption, where objective measures are not readily
available, particularly across countries. Early measures of corruption tended to be unre-
liable, being based on people’s general impressions of the degree of corruption in a society.
The weaknesses have been mitigated by carefully choosing respondents and designing
questionnaires that focus on their actual experiences (Hawken 2007).

We illustrate as a first example of our methodology a country level index of progress
toward the MDGs, specifically on the Maternal and Neonatal Health, MDG 5—reducing
maternal mortality. Progress in this area has been measured previously across developing
countries, using a reputation based approach, in the areas of family planning and, more
recently, maternal and neonatal health and HIV/AIDS. In family planning, initial indicators
were produced in 1972, using a questionnaire developed by leading analysts of family
planning programs (Lapham and Mauldin 1972). Beginning with the second administration
of the questionnaire in 1982, effort data were collected roughly every five years, and the
seventh round of data collection is currently in progress.

We explicitly incorporate this via a repeated measures design and illustrate this com-
ponent of the MDG index measurement. This approach is novel for this sort of data and in
particular for MDG progress. (see Adler et al. 2009 for a non-probablistic contrast). We
offer this example as a relatively sophisticated but directly implementable illustration.

3.1 Illustration: The MNPI Data

In 1999, a survey for maternal health with structure similar to the one we propose here was
carried out in several countries as the Maternal and Neonatal Programme Effort Index
(Bulatao and Ross 2002; Ross et al. 2001). The data contained in this survey provides an
opportunity for testing and illustrating our proposed methodology. We offer a methodology
that:

e illustrates issues that drive performance at a country level (i.e. discriminate the main
drivers of variability, hence the weighting scheme needs to be appropriate and the same
across countries).

e allows discrimination across countries (i.e. the methodology should be able to
determine statistically significant index levels across countries).

The survey provides us with N = 1,037 observations by K = 182 variables: the judge
ratings with metadata. The metadata are country and judge specific information. The rating
data are variables 21-101—variables 102—-182 are repeated measurements by each judge.
These are the judge scores—x—as outlined above. The metadata are variables 1-20
including country name and id. See the “Appendix”.

3.2 Data Preparation: Imputation

The entire data (including the repeated measurements) have 9,505 missing values; 319 of
the missing values are in the metadata for the judges. The percent of missing items is low
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Fig. 1 Scree plots for variation of PCA by component. The left graph is the variation explained across
judges, the right is across countries. A first component explains, respectively, 28 and 41% of the variation
for each aggregation

(5%) but non-negligible. The location of the missing data, however, cannot be ignored.
Missing data in both the meta-data and the covariates are imputed via hot-deck, this is,
the completed data are re-samples of the observed at each country (see Little and Rubin
1987). A feature of the hot-deck procedure is that the model for the completions is
explicitly empirical. The data were completed by hot-deck at each country to avoid
collecting error beyond each set of country rankings.

The observations for Tanzania were discarded as many covariates were completely
missing for all judges, thus reducing the total data to N = 1022.

To process the data and build the index, we R (The R Project for Statistical 2011), an
free statistical programming language and open source versions of the Metropolis-Hastings
algorithm (Williams 2001). We willingly provide sample code for our methodology upon
request.

3.3 PCA for Null Weighting

Recall that the goal is to generate a score at each country which is a linear combination of
the judge’s ratings, y; = > 1 ¢; X;.

A priori, without any index or response variable to calibrate an initial or null weighting,
a decision rule for the scheme can the desirable feature of minimal variance across rating
items. In a sense, this is a projection of the collected rating items, the variables, to an
orthogonal or independent basis. Weights assigned via a minimal variance scheme can
identify (Gaussian or Normal) overdetermination in the covariates and suggest which may
be discarded or of redundant importance in an index. See Bulatao and Ross (2002) for a
prior, similar application (of factor analysis) to these data. See Fig. 1 for an illustration.

3.3.1 Aggregating Variation Across Judges

The PCA procedure (Sect. 3.2) is used to generate a set of null weights c¢. An initial
PCA on the ungrouped data suggests the presence of some redundancy in the
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Fig. 2 Distribution of country scores, using PCA null weights, when aggregated by rater and by country.
The maximum score by rater is Guajarat, by country is Jamaica

covariates; 28% of (Gaussian) variation can be explained by only one component, out
of 81 possible.

The elements of the first eigenvector for the PCA decomposition are used as null
weights: each ¢; = e;/); e;. Thus each ¢; € (0,1) and > ¢; = 1.

This approach generates an index score for each judge, thus several for each country.
The maximum score here was a judge rating for Gujarat and the minimum score was a for a
rating of Yemen.

Null weighting by PCA when aggregated across judges may introduce inordinate bias to
account for the variation within country, across judges. Notice that the maximum index
score was generated by one (perhaps) optimistic rater for Yemen.

3.3.2 Aggregating Variation Across Countries

The PCA procedure under aggregation across countries estimates the eigenvectors—the
null weights—via decomposition of the covariance matrix on the countries, instead of on
the judges. This aggregation explains a higher proportion of the variation in the ratings, see
Fig. 1. The maximum score—Jamaica; the minimum—Yemen (Fig. 2).

3.4 Bayesian Weighting

The scores generated by the PCA weighting are used as initial values in a Bayesian method
for estimating the weights.
This is the scheme:

e Generate ¢ as elements of first eigenvector from PCA. These null weights yield
Yo = ¢f X, the null scores.

e Generate Var(y;) = cg Var(X) ¢, the variance within a judges rating.

e Estimate Var(yy) as the sample variance of the null scores.
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The PCA procedure provides the initial scores y, (generated from the null weighting
scheme) and estimates for between and across variance.

e Lety, ~ N( 0;), where the initial value of o; = \/Var(y;). Here i = 1...N, the
number of judges
o Let ff, ~ N X, o,) be the country scores, where the initial value of o, is set to

v/ Var(yo).

e Let ¢; ~ Dirichlet(o) be the distribution for the weights. The initial weights are set
identically to 1

This scheme allows a posterior to be estimated for , and ¢,—the country specific scores
and the variable weights. The posterior distributions yield confidence intervals for the
country scores and the associated weights, automatically.

If all the judges ratings come from distributions with equivalent support—Iike
{1, 2, 3, 4, 5} for Likert type or [0, 1] for percentages, say—the values of the weights can
be interpreted as relative importance. The value of the weight for each item is the con-
tribution of the item to the overall score, with respect to the way in which the weights are
estimated.

In the example, the initial weights are assigned to maximize discrimination among
countries; the resulting estimates are the relative contributions of items under this para-
digm. These initial weights are starting estimates for the joint conditional estimation of the
scores, weights, and associated variation.

Choosing a different weighting paradigm, via an alternate scheme, such as maximum
variation among groups of countries or maximum inner product or score, yields different
relative importances, of course, but with the same interpretation—modulo the method.

Of course, the weighting scheme may be adjusted to reconcile the judges responses,
especially when the questions have nonequivalent support, such as some being “yes/no”
items and others being rated {1, 2, 3, 4, 5}. The adjustment should leave the interpretation
of the estimated weights unchanged.

Plots of the posterior distributions of the parameters for the country scores and variable
weights are in Figs. 3 and 4.

4 The Human Development Index

The Human Development Index (HDI) was first introduced in 1990 by UNDP as a more
comprehensive way to measure development as compared to income-based indicators,
such as the GNP (Human Development 2009). The methodology has changed a bit over the
life of the index (see Human Development 2010, 2011; Wolff 2008); in essence, and for
the purpose of this illustration, the HDI is a weighted geometric mean of (sometimes
rescaled) country level.

The 2010 HDI is

yapr = (Xiie - Xedu 'XGDP)I/ ’ 5)
and we will generalize it with

with Z};l ¢; = 1 as in the MDG example above. Equation 5 can be expressed
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Fig. 3 Distribution of country scores, from posterior replicates, by alphabetical order of ISO3 country id
code. The upper and lower ‘whiskers’ are the 75th and 25th percentiles of the posterior distribution

(7)

which we can see as another version of Eq. 1, with y = log(yup,) and X; = log(Xyy.), etc.
We used the publicly available data for the HDI which includes raw and rescaled values for
life expectancy, literacy rate and gross domestic product for 135 countries from 1970
through 2010 (Human Development 2010).

log(yupr) = c1log(Xie) + c2log(Xeau) + c3log(Xepp)

4.1 Data Preparation

The publicly available HDI data set is complete for all years (three variables at each year)
and all countries so there is no need to consider any imputation procedure. Wolff et al.
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Fig. 4 Distribution of variable weights, from posterior replicates, by order of variable in questionnaire. The
upper and lower ‘whiskers’ are the 75th and 25th percentiles of the posterior distribution

consider the effect of post hoc revisions of the measurements of the three HDI variables
(life expectancy, literacy and GDP) and demonstrate appreciable randomness in HDI
scores (Wolff 2008). We consider our example of an HDI with error bars to be a com-
plementary illustration.

The HDI variables are rescaled versions of widely available life and income statistics
over the 135 countries measured. For example: the life expectancy value Xy, is the ratio of
the difference between a country’s observed, i.e. estimated, life expectancy at a given year
and a minimal value (set at 20 years) to a maximal such difference—63 years: Japan’s
83 years, observed in 2010, minus 20 (Human Development 2010). These choices are
arbitrary and perhaps quite defensible; we do not address them as modeling issues here and
focus on the rescaled and not the raw values.

We operate on the log transformed data as represented in Eq. 7, which allows us to
remain in our linear setup, and exponentiate for graphs and illustrations
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4.1.1 PCA for Null Weighting

Again we want to consider a choice for ¢ driven by statistical methodology and we choose
to initialize values under maximal variation across countries. Here the PCA program is to
find the weighting assignment that maximizes variation across the 135 countries on three
variables; the initialization weights we choose are the rescaled elements of the first
eigenvector of the PCA decomposition. This yielded the initial weighting scheme in
Table 1 below.

This initialization yields Australia with the maximum HDI score and Zimbabwe with
the minimum. There are no repeated measurements at each year in the HDI data (i.e no
multiple judge ratings as in the MDG MNPI example above)

4.2 Bayesian Weighting

Again we use the scores generated by the PCA weighting as initial values in a Bayesian
estimation procedure for the weights and final scores.
Here is the scheme:

e Generate ¢ as elements of first eigenvector from PCA. These null weights yield
Yo = ¢l X, the null scores, in Fig. 5.

Table 1 Scaled first PCA

eigenvector as initial weights Clife Cedu ¢Gpp
for GDI 0.23 0.21 0.56

Frequency

0.2 0.4 0.6 0.8 1.0
initial y

Fig. 5 Initial HDI scores with weightings set by first PCA eigenvector, for maximal index variation across
countries
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Fig. 6 Distribution of country scores, from posterior replicates, by alphabetical order of ISO3 country id
code. The upper and lower ‘whiskers’ are the 97.5th and 2.5th percentiles of the posterior distribution

e Estimate E(y;) and Var(y;) with the sample mean and variance across all years (1970-
2010) of each country’s HDI score.

e Estimate E(X;) and Var(X;;) as the sample mean and variance across all years (1970-
2010) of each country’s life, education and GDP values.

We incorporate these estimates in the Bayesian procedure

e Lety, ~ Nic" Xjj, 0;), where the initial value of 6; = \/Var(y;). Here i = 1...N, the
index over countries.

e Let ¢; ~ Dirichlet(x) be the distribution for the weights. The initial weights are set
identically to 1.

e LetX; ~ N(u; o;) where the p; and o; are estimated from the data record as above.
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code. The upper and lower ‘whiskers’ are the 97.5th and 2.5th percentiles of the posterior distribution

Similar to the above example this scheme allows a posterior to be estimated for y; and
c—the country specific scores and the variable weights. The posterior distributions yield
confidence intervals for the country scores and the associated weights, automatically. The
HDI scores are then back transformed via exponentiation to values on [0, 1]. See Figs. 6, 7
and 8.

As in the MDG-MNPI example above notice that many countries have scores that differ
nominally but not statistically (for example Afghanistan and Albania in Fig. 6) which is the
main point of the methodology. Contrast these illustrations with the point estimate rankings
generate by the ordinary HDI (Human Development 2010): a practitioner would perhaps
replace the ordering from 1. ..135 with (statistically) distinct ordered groups of statistically
in-differentiable country scores.
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Fig. 8 Left panel Distribution of country scores, from posterior replicates, by alphabetical order of ISO3
country id code. The upper and lower ‘whiskers’ are the 97.5th and 2.5th percentiles of the posterior
distribution. Right panel Distribution of weights, from posterior replicates, for HDI weights, 97.5th and
2.5th percentiles

5 Discussion and Summary

We have presented a framework for cross-national indices as statistical objects and
demonstrated our approach on an indicator designed to measure for progress and effort
toward the maternal health component of Millennium Development Goals (MDGs) and on
the well known Human Development Index (HDI). Our methodology is designed to output
not only point estimates of country level scores but probabilistic intervals for those esti-
mates as well as for the weighting scheme that aggregates the variables the score is
measured on. We used a Bayesian framework to generate these intervals by supposing
prior distributions on the underlying data and variable weights and then examining the
posterior replicates. We initialized simulations of these posterior replicates by supposing
an initial weighting scheme—one of maximal variation across countries—using the well
known Principal Component Analysis (PCA) procedure .

In the MNPI-MDG illustration we were able to ‘borrow’ inference from the repeated
measurement design of the MNPI questionnaire (Bulatao and Ross 2002) and achieved
relatively tight intervals (even at 50% confidence). The intervals the posterior replicates
yield for the weights of the MNPI-MDG index are much wider at an equivalent level of
confidence: perhaps mainly because of the high number of variables (questionnaire items)
in the index.

In the HDI example we fixed the parameters of the prior distributions for the weights
with the estimates of mean and variance from the time series of HDI data. The posterior
replicates for the weights of the HDI index are all statistically different: the vast majority
of the weight is assigned to the education variable in the HDI index.

We do not make any claim to the propriety of the examples offered here; in fact
practitioners may choose very different paradigms in disagreement with our choices of
prior distributions, principle of maximal variation, etc. Our contribution is to offer a
method which allows for the comparison of countries in terms of statistically significant
distance. Ranking and ordering point estimates without consideration of this distance
exaggerates false differences, obscures possible policymaking levers and can. This
methodology, which yields the significance of differences in country scores at a glance, can

@ Springer



Monitoring Human Development Goals 507

accelerate and coordinate global responses especially for possible MDG process short-
comings. At the same time, the intervals for the weighting scheme yield an immediate
picture of factors—including, perhaps: measurement error, rater bias, trends or change
points—which affect the country scores.

We have focused particularly on human development indices in this paper, especially
because the concepts practitioners and policymakers need to measure are more ethereal,
perhaps, than in other settings. The Bayesian framework we offer is uniquely able to
account for specificity or vagueness—as need be—via the prior distributions on weights
and variables.

Appendix
Potential Questionnaires on MDG Goals and Targets

A list of 15 questionnaires is suggested to parallel, though not exactly duplicate, the lists of
MDGs and targets. These are listed in Table 2, which shows the goals and targets to which
each refers. It also shows the output indicators related to each questionnaire that have been
proposed in other documents. These output indicators were meant to be suggestive rather
than comprehensive, presumably chosen at least partly for the availability of reliable data.
What the questionnaires should address is the effort that has gone or is going into
improving not only these outputs but also other outputs related to the broader goals and
targets. The list in Table 2 follows the order of the MDGs.

The MNPI Effort Questionnaire

A outline of a questionnaire on effort at achieving the maternal mortality target is provided
here, by design of Ross et al. (2001). The data for the illustration in the paper follow this
organization. We do not reproduce the entire questionnaire here.

Organization of the Questionnaire

The questionnaire is organized in two parts. The first, much longer part requests ratings of
different features of a maternal health program. The second, short part (labeled “General
background”) requests relatively objective information about laws, plans, budgets, facil-
ities, etc. relating to maternal health. All respondents are expected to answer the first part,
but only a few, those more closely connected with the government maternal health pro-
gram, are to be given the second part to answer. Though the two parts are somewhat
different in format, they are not separated so that respondents who receive both parts will
see them as a single questionnaire.

Substantively, the questionnaire covers typical project components of policy and
planning, funding, service delivery, and demand generation. However, questions are not
posed in this order, but start with service delivery. The purpose is to fix the respondent’s
attention initially on what services actually reach women in need and can have direct effect
on reducing maternal mortality. The questionnaire seeks to emphasize what is actually
making a difference on the ground rather than what agreements and plans are made on
paper. After asking about services in several different ways, the questionnaire moves to
more general policy issues.
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Table 3 Classification of questionnaire items

Category Questionnaire item numbers

1. Policy and planning: Policy is taken here in the sense of laws, regulations, standards, and guidelines that
affect individual behavior relating to maternal health, the functioning of the maternal health program, and
the conduct of service providers and others with whom they must interact. Plans are mainly national plans

1.1 Appropriate laws 59, 98, 99, 100a
1.2 Regulations and guidelines 56-60, 100
1.3 Plans 65, 71-72, 101-103

2. Budget and finance: Government budgets are covered as well as financing. Because cost recovery is
discouraged in regard to maternal health services, local finance comes mainly from sources outside the
health sector and is not specifically covered

2.1 Budget and expenditures 66-67, 69, 71, 74-76, 106-108
2.2 Donor support 68, 109, 112-116
2.3 Harmonization of activities 70, 110-111, 117

3. Service delivery: Different aspects of effective service delivery are listed below. Services usually require
all of these elements to succeed, so most of the items could fall under most of the headings. However, each
relevant questionnaire item is generally listed only under quality services and one other heading, reflecting
its major emphases

3.1 Quality services 1-55

3.2 Adequate facilities 1-12, 20-21, 36, 72, 92, 95, 97, 105

3.3 Competent staffing 1-6, 10-18, 22-35, 49, 53, 78-86, 92, 104
3.4 Appropriate supplies and equipment 7-8, 4748, 52, 73, 91

3.5 Equitable attention 9, 13-21,* 36-38, 74, 90, 65a, 65b, 86a, 97a
3.6 Effective monitoring and evaluation 60, 92-97

4. Demand generation: This involves mobilizing social groups and communities and providing good
information to women and households about what needs to be done to avoid maternal deaths

4.1 Information, education, communication 62, 87-88, 91, 91a

4.2 Social mobilization 57, 89-90

5. Governance: Good governance cuts across the preceding categories requiring everything from sound
policy to effective government services. One dimension of good governance as defined by the World Bank
Institute, political stability and the absence of terrorism, is not directly assessed in its impact on the sector,

and is left out here. A second dimension, government effectiveness, practically covers all the items, so it is
represented by the more limited category of an effective management structure

5.1 Voice 57, 90, 97b, 97¢
5.2 Effective management structure 61, 63-64

5.3 Regulatory quality 77

5.4 Rule of law 59°

5.5 Control of corruption 69, 76

* These items address rural-urban differentials

® There is an international agreement that post-abortion care should be provided. “Disregarding the law”
questions, however, do suggest that some assessment of (de)criminalization and stigma need to be assessed

Questions are not necessarily grouped in categories familiar to donors. Instead, they are
grouped for convenience, keeping together those with a similar frame of reference
requiring answers in a similar format. Nor are questions intended as a checklist of all the
specific requirements for providing proper maternal care. To keep the questionnaire at
reasonable length and to avoid asking about details too fine for some respondents, the
questions necessarily reflect a sampling of important best practices and dimensions of
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effort. To indicate how responses might be reclassified, after the data are obtained, to
reflect particular issues of relevance from a planning perspective, Table 3 provides an
illustration The table lists some items more than once, as reflecting more than one aspect of
performance. Some items could be listed under even more categories. Subsequent
empirical analysis may suggest the most useful groupings.
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