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This paper considers the question of how one can translate evidence of nonlinearities and
threshold effects in growth into policy recommendations. We argue that the current evi-
dence of these effects, while important in terms of scholarly debates, does not readily lend
itself to policy evaluation. The reasons for this are two-fold. First, the existing evidence on
nonlinearities is relatively difficult to integrate into a common coherent view. Different mod-
els of nonlinearity appear in different papers; these models are often nonnested and do not
present a clear alternative to linear growth models. Second, we argue that the econometric
evidence of nonlinearities is often developed in ways that do not allow one to examine
explicitly the effects of alternative policies on growth. We describe some recent econometric
methods that can address these problems. To illustrate the utility of these methods we then
study the current debate on the efficacy of aid on growth in developing countries. We find
that none of our methods suggests that aid should be given to countries with better policy
quality. In fact, when considering robust policies, our results strongly reject the conclusion
that aid should be allocated in higher amounts to countries where the policy quality is high.

� 2011 Elsevier Inc. All rights reserved.
1. Introduction

The purpose of the paper is to explore some issues involved in translating statistical evidence of nonlinearities into policy
recommendations. Of course, actual policy decisions cannot be reduced to mappings from statistical statements to particular
policy choices. But for the purposes of understanding how statistical exercises should influence policy evaluation, it is appro-
priate to assume that there is such a mapping and ask how it should be constructed.

From the perspective of new growth theories, there are good reasons to expect that nonlinearities exist in cross-country
data. One reason for this is that models ranging from the now-classic Azariadis and Drazen (1990) to the more recent Howitt
and Mayer-Foulkes (2002) provide microeconomic mechanisms by which multiple steady states and convergence clubs can
emerge in a cross-section of countries. The presence of multiple steady states is of particular interest to policymakers since
these raise the possibility of development traps which require government interventions if a country is to escape from one.
Nonlinearities can also arise for more mundane reasons, such as deviations of the aggregate production function in the neo-
classical growth model from the Cobb–Douglas specification that is conventionally assumed; Duffy and Papageorgiou (2000)
provide evidence in favor of a constant elasticity of substitution specification and show how this implies nonlinearities
should be present in cross-country growth regressions.
. All rights reserved.
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Within the modern empirical growth economics literature, there is a growing body of evidence that nonlinearities in the
growth process are in fact present. This evidence falls into two main categories.1 First, there is evidence that different coun-
tries obey different growth models. This type of analysis, of which Bloom et al. (2003), Canova (2004), Desdoigts (1999), Durlauf
and Johnson (1995), Johnson and Takeyama (2001), Kourtellos (2003a,b), Masanjala and Papageorgiou (2004, 2008), Papageor-
giou (2002), and Tan (2010) are examples, attempts to identify groups of countries that obey similar growth processes. As such,
this approach primarily draws from classification methods which attempt to sort observations into common statistical models.
Second, a number of authors have moved beyond linear growth models to consider environments in which regression param-
eters are functions of various economic characteristics or other explicitly nonlinear processes. Examples of work of this type
include Banerjee and Duflo (2003), Durlauf et al. (2001), Ertur and Koch (2007), Fiaschi and Lavezzi (2003), Henderson
(2010), Henderson et al. (forthcoming), Kalaitzidakis et al. (2000), Liu and Stengos (1999), and Maasoumi et al. (2007) These
different papers use a wide range of statistical methods; see Durlauf et al. (forthcoming) for a survey of empirical growth re-
search as a whole as well as the location of nonlinear growth studies in this large literature. Beyond studies that have attempted
to identify nonlinearities explicitly, it is now common practice in growth empirics to add the products of variables as additional
regressors in linear models; this practice is an ad hoc way of introducing nonlinearities. While our arguments will apply at least
as much to these ad hoc formulations as well as to more formal analyses, we will not focus on the latter in referring to the
empirical literature.

While the body of evidence generated by this empirical work seems persuasive that some nonlinearities matter for under-
standing growth, there have been few systematic direct investigations of the implications of nonlinearities for policy
evaluation.2

One can interpret some of various policy debates in the growth literature as depending on whether nonlinearities are
present, but these debates focus more on the validity of the claim of nonlinearity per se than on how policy choices should
be altered if the nonlinearity is present. For example, the disagreement between Burnside and Dollar (2000) and Easterly
et al. (2004) on the efficacy of foreign aid in improving growth performance may be interpreted as a disagreement about
whether the regression coefficient on foreign aid depends on the level of policy or not. The first of these papers, which argues
that in the presence of good policies, foreign aid can affect growth, has been widely used in policy circles as evidence for the
need for policy reform in developing countries. While we are sympathetic to the need for policy reform, our concern is with
the extent to which the findings in such papers justify claims of this type.

In this paper, we discuss the relationship between policy evaluation and growth nonlinearities. The main claim in this
paper is that the available evidence on nonlinearities in growth does not provide a basis for policy recommendations, even
when, as in the debate of the effects of foreign aid, the focus of the analysis is explicitly on policy variables. To be clear, we do
not question the presence of nonlinearities per se. Rather, we argue that this evidence, as currently constituted, cannot be
used to say much about how growth policies should be constructed. To some extent, the reasons why policy inferences can-
not be made in the context of nonlinearities will apply generally to the ways in which empirical evidence is adduced in eco-
nomics; in this respect the literature on nonlinearities and growth is simply an example of some of the limitations of much
current econometric practice.

In order to illustrate our general arguments, we also present some empirical work on the effect of external aid on the long
run growth of a country, a question which has produced a lively empirical debate The crux of this debate is on the sign and
the statistical significance of the interaction term between aid and a macroeconomic-policy-quality index in a standard
cross-country regression model. We consider how explicit attention to nonlinearities and policymaker loss functions can
be integrated into the standard regression evaluation of the growth/aid nexus. Our analysis is very far from exhaustive,
but hopefully provides some sense of the value of the decision-theoretic perspective we advocate.

Section 2 of the paper discusses the relationship between conventional econometric practice and policy evaluation for
growth regressions. The discussion will focus on the relationship between evidence of growth nonlinearities, as convention-
ally presented, and policy analysis. Section 3 discusses a second problem with the existing body of evidence on nonlinear-
ities: the presence of model uncertainty in growth regression specifications. The failure of standard analyses of growth
nonlinearities to account for model uncertainty not only has implications for policy evaluation, but calls into question some
of the evidence that nonlinearities are present. Section 4 discusses some issues of observational equivalence that have yet to
be addressed in the nonlinear growth literature. Section 5 makes some suggestions on how to provide better links between
evidence of growth nonlinearities and policy. Section 6 provides some empirical findings on the relationship between foreign
aid and growth. Section 7 concludes.
2. Statistical decision theory and econometrics

The first reason why one cannot integrate evidence of growth nonlinearities into policy advice stems from the fact that
econometric evidence, as conventionally presented in growth contexts, does not translate into the analysis of decision prob-
1 In this discussion, we elide the difference between papers that search for nonlinearities in growth rates versus those that explore nonlinearities in per
capita output levels. While these differences matter of course for policy evaluation, they have not been carefully distinguished in most empirical work; see
Durlauf et al. (2004) for discussion of an analogous problem that arises in linear growth regression models.

2 Some exceptions include Aghion and Durlauf (2007) and Kourtellos et al. (2007).
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lems under uncertainty. This is a general problem with conventional econometric analyses, as argued by Chamberlain
(2001), Sims (2002), Brock et al. (2003) among others; the latter paper focuses specifically on growth issues. In this discus-
sion, we follow the framework in Brock et al. (2003) which in turn follows standard statistical decision theoretic arguments,
e.g. Berger (1980).

For expositional purposes, we will work with a simple form of nonlinearity; this is done in order to draw clear compar-
isons between standard econometric practice and the evaluation of decision problems. To do this, define the canonical cross-
country growth regression developed by Barro (1991) and Mankiw et al. (1992) as
3 Of c
disagre
to the
addition

4 For
gi ¼ pidþ Zicþ ei ð1Þ
where gi is real per capita growth of country i across some fixed time interval, pi is the policy instrument of interest, Zi is a set of
additional regressors, including at a minimum initial income per capita, that reflect the growth determinants that a modeler
chooses to control, and ei is an error. One form of nonlinearity in the growth process that matters for policy is described by
gi ¼ pidþ f ðpi;XiÞdn þ Zicþ ei ð2Þ
where f(pi, Xi) is some nonlinear function; Xi allows the policy nonlinearity to interact with various country-specific character-
istics. For expositional purposes, suppose that the functional form of f(�,�) is known. Let d̂n and r̂2

dn
denote the ordinary least

squares estimates of the regression parameter and its associated variance. Conventional econometric practice involves evalu-
ating whether d̂n is statistically significantly different from 0, with a researcher concluding that nonlinearity in the growth pro-
cess is present if the associated t-test statistic is statistically significant; under the standard 5% confidence level, this means that
the magnitude of the estimated parameter and associated standard deviation must approximately obey jd̂n j

r̂dn
P 2.

While this is a defensible way in which to engage in the development of positive statements about nonlinearities and
growth,3 its relationship to policy advice is not obvious. To directly link statistical analyses of growth to policy analysis, it is
helpful to convert the discussion from uncertainty about d̂n to uncertainty about dn. This shift is useful in thinking directly about
policy as it allows one to formulate a well-posed statistical decision theory problem. Let d denote the data that are available to a
researcher and m denote a particular growth model. The use of a given growth model requires that a researcher has made an
assumption on the set of growth determinants she wishes to control, i.e. the choice of elements of Z as well as an assumption on
the sorts of nonlinearity that are incorporated in the model. (We will consider relaxation of these assumptions in the next sec-
tion.) From this perspective, a statistical analysis of nonlinearity in (2) produces a conditional probability measure
lðdnjd;mÞ ð3Þ
Assume that the regressors in (2) are nonstochastic and that the model errors are independent and identically normally
distributed with known variance (deviations from these are not of importance to the substance of our argument). In this
case, lðdnjd;mÞ � ðd̂; r̂2

dn
Þ so that
Eðdn d;mj Þ ¼ d̂n ð4Þ
And
varðd;mÞ ¼ r̂2
dn

ð5Þ
We make these assumptions in order to be able to translate uncertainty about the effects of policy into the standard statis-
tical significance requirements employed in empirical work. Specifically, under these assumptions
d̂n

r̂dn

¼ Eðdn d;mj Þ
varðdn d;mj Þ1=2 ð6Þ
so that t-statistics may be interpreted functions of moments of (3) and hypothesis tests as placing restrictions on these
functions.

How can information about the posterior density of dn be translated into inferences about policy? Such a translation nec-
essarily requires that one specify the policymaker’s preferences. Suppose that a policymaker possesses a loss function of the
form l(gi, pi, #i); #i denotes those characteristics of country i that affect loss calculations such as initial income; there is no
reason to believe that growth may be evaluated in isolation when assessing losses. This function further embodies any ben-
efits or costs induced by the policy that are not related to its effect on growth by incorporating pi as an argument.4 Suppose
that the policymaker has decided to employ (2) as his model of the growth process. The evaluation of the expected loss asso-
ciated with a policy is, using standard arguments,
Eðlðgi;pi; #iÞ pi;d;mj Þ ¼
Z

G
lðgi;pi; #iÞlðgi pi;dj ;mÞ ð7Þ
ourse, there have long existed deep controversies as to the usefulness and even the interpretation of statistical significance calculations; many of the
ements between Bayesian and frequentist approaches to statistics apply to this context. The frequentist/Bayesian distinction matters for our discussion
extent that the Bayesian framework more naturally lends itself to decision-theoretic formulations of policy evaluation (see Brock et al. (2003) for

al discussion on this topic).
example, the level of educational spending may produce benefits with respect to political outcomes.
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where G is the support of gi, and lðgi pi; dj ;mÞ is a conditional probability measure. The associated optimal policy problem is
based on
5 To
model s
importa
maxpi2Pi

Z
G

lðgi;pi; #iÞlðgi pi;d;mj Þ ð8Þ
where Pi denotes the support of the policy variable and m reflects the dependence of these calculations on the choice of a
particular model.

The relevant point for us is that there is little connection between conditions on probability measure of the form (6) and
policy evaluation calculations of the form (7) or (8). To understand the ways in which statistical significance and policy
assessment differ, we consider a policy comparison of the type studied in Brock et al. (2003), in which a policymaker is con-
sidering whether or not to implement a one unit change in pi. Suppose that d = 0 and that f ðpi;XiÞ ¼ pi � 1Xi2X; in this expres-
sion 1Xi2X is an indicator function. We are therefore considering the case where the policy is only effective for countries
whose characteristics fall into a particular category. Threshold models, whose theoretical foundations are associated with
Azariadis and Drazen (1990), often can be written in this form. Notice that the debate between Burnside and Dollar
(2000) and Easterly et al. (2004) may be approximated by this model, where X denotes the set of values of country-specific
variables that constitute good policies and pi denotes foreign aid.

When does the question of whether the policy variable should be changed equate to the statistical significance of d̂n? In
terms of the expected loss function, an increase in the policy instrument is advisable if and only if it reduces the expected
loss.
Eðlðgi; pi þ 1; #iÞ pi þ 1;d;mj Þ � Eðlðgi;pi; #iÞ pi;d;mj Þ < 0 ð9Þ
For the canonical statistical significance test, one would conclude that higher policy levels increase growth for countries
where Xi 2 X if
ð�d̂n þ jðaÞr̂dn Þ1Xi2X ¼ ð�Eðdn d;mj Þ þ jðaÞvarðdn d;mj Þ1=2Þ1Xi2X < 0 ð10Þ
where j(a) denotes the value necessary to obtain a given significance level a. It follows that statistical significance equates to
the desirability of a policy change if
Eðlðgi; pi þ 1; #iÞjpi þ 1;d;mÞ � Eðlðgi;pi; #iÞjpi;d;mÞ ¼ ð�Eðdnjd;mÞ þ jðaÞvarðdnjd;mÞ1=2Þ1Xi2X

¼ ð�d̂n þ jðaÞr̂dn Þ1Xi2X < 0 ð11Þ
The equivalence of the desirability of a policy change with statistical significance implies that a policymaker must possess a
mean-variance loss function, i.e. one that only depends on the posterior mean and variance of dn: d̂n and r̂2

dn
. This places very

strong restrictions on preferences. First, the assumption of mean-variance preferences may not be appropriate for growth
contexts where issues of the effects of negative growth on health and mortality naturally arise. Second, (11) requires the pol-
icymaker to assess losses only with respect to the component of growth associated with the policy component f(pi, Xi)dn;
other components of the growth regression, Zic and ei (the latter matters for the conditional variance of the growth rate)
are irrelevant. The loss function formulation implicit in (11) therefore requires that the policymaker only cares about the
increment to the growth rate induced by the policy, not the growth rate per se.

This special loss function does not seem particularly appealing from the vantage of a policymaker and indeed one can
construct arguments which imply it is not appropriate.5 Suppose that a policymaker has to decide how to allocate a fixed
amount of investment across two countries i and j with identical initial incomes and each of which obeys the same model
(2); in particular, the marginal effect of policy dn is the same across the two countries. Suppose that one country is growing
at an expected rate of 1% and the other at 10% at the pre-allocation capital levels. The loss function in (11) would make the
policymaker indifferent with respect to the allocation of investment across the countries.

Our analysis of the lack of policy relevance of growth empirics is an example of a very general criticism with frequentist
statistical practice that is made by Bayesians, namely the absence of any firm decision-theoretic basis for statistical signif-
icance tests. The force of our argument, however, does not depend on deep issues that distinguish frequentist and Bayesian
approaches. For our purposes, what matters is that the standard evaluative criterion for whether or not nonlinearity is pres-
ent in the growth process does not equate to a natural statement about its implications for policy evaluation.

Does the absence of any natural equivalence between statistical significance of nonlinearities and an associated policy
evaluation metric matter in practice? The answer is potentially yes at two levels. First, loss functions must matter if one
is engaged in policy analysis. For asymmetric loss functions, it is clear that efforts to exploit nonlinearities may not be jus-
tified even in the presence of statistically significant evidence. Suppose the policy question is the transfer of foreign aid from
a poorer country to a wealthier one, and that the policymaker’s loss function is the sum of the country-specific loss functions.
It is easy to imagine that one would decline to move the resources if the country-specific loss function is concave in the
be clear, t-statistics and related measures can still play an important role in assessing the empirical significance of particular theories, as an input to
election, etc. Our discussion of how policymakers should use empirical growth research does not address these types of issues which are naturally
nt for scholarly research. We thank a referee for raising this point.
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growth rate. Hence, if the policy question of interest is the allocation of finite investment resources, then nonlinearities may
not affect the optimal allocation.

Second, even if one assumes mean/variance loss functions, then there potentially exist major differences between compar-
ing coefficient distributions to growth rate distributions. Brock et al. (2003), for example, consider the question of whether one
should recommend a reduction in tariffs to sub-Saharan African countries. That paper finds that when one accounts for the
overall uncertainty of growth rates under higher versus lower tariffs, the effects on the variance of growth of the tariff change
are an order of magnitude smaller than the variance associated with the tariff parameter when analyzed in isolation.

The upshot of this discussion is that one cannot translate evidence of nonlinearities, as developed via hypothesis testing,
into policy recommendations, except under very special conditions. As a result, there is no natural way to draw policy infer-
ences from the existing empirical work on growth nonlinearities. To do this, it is necessary to follow a statistical decision
theoretic formulation such as the one we have described, which includes explicit attention to the question of loss functions.6

At a minimum, the analysis of this section may be summarized as saying that the appropriate object of interest for pol-
icymakers is lðgi pi; d;mj Þ; the conditional probability measure for growth under a policy, which in turn means that objects of
this type should be reported to policymakers looking for guidance. Nonlinearities are only policy-relevant to the extent their
presence affects this probability. To give an example of what sorts of calculations this approach suggests, in the context of
the Burnside and Dollar (2000) versus Easterly et al. (2004) debate on the efficacy of foreign aid, our approach would shift the
focus of the argument away from evaluation of the statistical significance of d̂n to an evaluation of questions such as how
different allocations of some amount of aid alters the distribution of gi for each of a given set of countries. In principle,
the policymaker can then use his loss function to evaluate which allocation he regards as optimal.

3. Model uncertainty

3.1. Basic issues

A second problem with translating this wide-ranging evidence into policy prescriptions is that a well defined nonlinear
alternative to the canonical cross-country growth regression does not exist. This is true in two senses.

First, there is still no consensus as to which growth determinants need to be included when specifying a growth regres-
sion, be it linear or nonlinear. This problem is not unique to the analysis of nonlinear growth models and is in fact ubiquitous
in growth studies. Durlauf et al. (forthcoming) identify 145 different regressors that have appeared in published growth
studies; these regressors correspond to more than 40 distinct growth theories.7 This contrasts with the 87 different growth
regressors found by Durlauf and Quah (1999). It is easy to identify reasons why the failure to account appropriately for the full
gamut of growth determinants can lead to spurious evidence of nonlinearity. For example, if there is a nonlinear relationship
between initial income and the degree of democracy, and the degree of democracy has a causal effect on growth, then this
would induce spurious evidence of a nonlinear relationship between initial conditions and growth if democracy were omitted
from the regression.

While there is a growing body of work that accounts for model uncertainty in order to identify robust growth inferences,8

this literature has generally not addressed the question of the robustness of evidence on growth nonlinearities. Exceptions in-
clude Brock and Durlauf (2001a,b), Brock et al. (2003) and Masanjala and Papageorgiou (2008) which do assess the robustness of
evidence on parameter heterogeneity between sub-Saharan Africa and the rest of the world; the first and third papers provide
relatively strong evidence that parameter heterogeneity is present. More recent papers include Owen et al. (2009) and Alfo et al.
(2008). The former finds evidence of two distinct growth processes and the latter finds evidence of significant heterogeneity in
growth processes.

Second, and specific to nonlinear growth models, there has been essentially no effort to date that integrates the various
findings on nonlinearity into a coherent description of a data generating process. The empirical literature on nonlinear
growth models contains many different specifications of the nonlinearity. Some models are based on identifying subsets
of countries which obey a common growth model, e.g. Bloom et al. (2003), Canova (2004), Durlauf and Johnson (1995),
and Tan (2010). These models have threshold-like structures in that economies obey one of a set of discrete models, such
that the model that applies to a given country is determined by some set of initial conditions. These threshold models
may be well approximated by the generic form
6 We
problem

7 The
length

8 Ear
below.
gi ¼ pidi þ Zici þ ei ð12Þ
with
di ¼ dk; ci ¼ ck if Xi 2 Xk; Xk \ Xk0 ¼ / if k – k0 ð13Þ
do not claim that this is the only appropriate way to formulate statistical decision problems; the obvious competitor is frequentist-based decision
s.

ories in this context are groups of regressors that fit into a similar conceptual category. For example, one might place the impact of rainfall, latitude and
of coastline into a single theory labeled ‘‘geography’’. See Durlauf et al. (2004) for additional discussion.
ly contributions include Levine and Renelt (1992) and Sala-i-Martin (1997); recent contributions use model averaging methods of the type we describe
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Intuitively, countries are partitioned according to the values of some vector X into subsets, each of which obeys a common
linear model. Within this literature there are a range of formulations. Durlauf and Johnson (1995) and Tan (2010) employ
classification algorithms that allow for the number of distinct growth models to be endogenously determined by the data;
one cost of this is that the procedure treats the mapping from initial conditions to a model as deterministic. Bloom et al.
(2003), in contrast, employ a mixture distribution approach; each country is described by one of two models, and the prob-
ability that a given country is described by a particular model is determined in part by its initial conditions.

Other models, such as Banerjee and Duflo (2003), Durlauf et al. (2001), Kalaitzidakis et al. (2000) and Liu and Stengos
(1999) are interpretable as varying coefficient models9; models of this type take the form
9 See
10 In t

possibly
11 Oth

model
justifica

12 Rec
and oth
gi ¼ pidðXiÞ þ ZicðXiÞ þ ei ð14Þ
where d(�) and c(�) are smooth functions. Within this class, there are differences as to which coefficients vary and what deter-
mines elements of the variation. For example one finds some studies that allow for a mix of linear and nonlinear coefficients
(e.g. Liu and Stengos (1999)) whereas others (e.g. Durlauf et al. (2001)) do not. This type of framework encompasses the
introduction of nonlinearities via ad-hoc interaction terms. To see this, suppose that one accounts for the interaction of pol-
icy with some country-specific characteristic xi by adding xipi as a regressor to (1). This is equivalent to the specification
d(Xi) = d0 + xid1.

Finally, some work on nonlinearity has focused on issues of dimension reduction, i.e. finding low dimensional nonlinear
models to capture growth dynamics. Desdoigts (1999) and Kourtellos (2003a, b) pursue this approach. These types of models
amount to estimating growth models of the form
gi ¼
X

k

fkðpid
k þ ZickÞ þ ei ð15Þ
where each fk(�) denotes a distinct nonlinear function. This type of approach is designed to look for low dimensional approx-
imations for high dimensional nonlinear functions.10

One can develop a more elaborate typology of nonlinear statistical growth models, but the three types of models so far
described are sufficient to illustrate the general problem. While there are now studies that exist that justify the statistical
models, there does not exist a consensus on how to model nonlinearity. This lack of consensus applies both across and within
the nonlinear model classes we have described.

How should one account for model uncertainty in policy evaluation? We consider two approaches. The first is Bayesian in
that it treats the true model as an unobservable with respect to which probabilities may be assigned. Second, we consider
environments in which a researcher does not wish to assign model probabilities.

3.2. Model averaging

From the perspective of the decision problem, Eq. (7), a natural way to proceed is to explicitly calculate an analog to (7)
that accounts for the fact that the researcher does not know the true data generating process for growth.11 In other words, the
evaluation of the effects of a policy should be based on
Eðlðgi; pi; #iÞ pi; dj Þ ¼
Z

G
lðgi; pi; #iÞlðgi pi;dj Þ ð16Þ
rather than Eq. (7). While (7) computes the expected loss conditional on a policy, the data and a given model, lðgi pi; d;mj Þ,
(16) computes the expected loss conditional only on a policy and the data, lðgi pi; dj Þ. The ‘‘model-free’’ analog to (8) is con-
structed in the same way:
maxpi2Pi

Z
G

lðgi;pi; #iÞlðgi pi;dj Þ ð17Þ
The construction of lðgi pi; dj Þ requires the use of a set of techniques that are known in the statistical literature as model
averaging methods. The ideas behind model averaging originate in Leamer (1978) but have recently reemerged via Draper
(1995) and Raftery et al. (1997); useful introductions are Wasserman (2000) and especially Hoeting et al. (1999). In the
growth context, model averaging has been advocated and employed in Brock and Durlauf (2001a), Brock et al. (2003), Fer-
nandez et al. (2001), Sala-i-Martin et al. (2004), Crespo Cuaresma and Doppelhofer (2007), Eicher et al. (2007), and Masanjala
and Papageorgiou (2008).12
Hastie and Tibshirani (1993) for a discussion of such models from a statistical perspective.
he projection pursuit formulation (15), each of the one-dimensional pdk + Zck terms is known as a projection. Hence projection pursuit approximates a

complex nonlinear process with the sum of a set of simple one dimensional nonlinear functions fkð�Þ whose arguments are the projections.
er approaches, such as Levine and Renelt (1992) may be interpreted as imposing very special preferences, i.e. minimax preferences with respect to
uncertainty (see Brock et al., 2003) and the discussion below. Others such as Sala-i-Martin (1997) do not appear to have any decision-theoretic
tion.
ent papers by Magnus et al. (2010) and Amini and Parmeter (2011) explore Bayesian model averaging in comparison to weighted average least squares
er approaches in the context of economic growth. The latter finds few differences in estimated coefficients across three data sets.
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The basic idea of model averaging is that uncertainty about the true model for an outcome of interest should be treated
symmetrically to other forms of uncertainty. In order to account for this uncertainty, one constructs probability statements
that do not condition on a given model but rather condition on a model space M.13 The elements of M represent different can-
didates for the ‘‘true’’ growth process. In this discussion, we assume that the true model is an element of this space; the inter-
pretation of model averaging when none of the models is true is an area of current research. Once the model space has been
formulated, one can describe the conditional (given data and policy) probability measure for a particular growth rate as
13 One
as broa

14 Sala
15 The

analysis
Wang (

16 Eoz
lðgijpi; dÞ ¼
X
m2M

lðgijpi; d;mÞlðmjdÞ ð18Þ
In this expression, lðm dj Þ is the posterior model probability associated with model m. By Bayes’ rule,
lðmjdÞ / lðdjmÞlðmÞ ð19Þ
Eq. (19) illustrates how these posterior model probabilities are determined by l(d|m), the integrated likelihood of the data
given the model and l(m), the prior probability assigned to the model. The assignment of such priors is often problematic
since prior beliefs may not lend themselves to ready quantification. As a result, it is common to use simple priors which as-
sign all models equal prior probability (Brock and Durlauf, 2001a; Fernandez et al. (2001)) or assign higher prior probability
to simpler models (Sala-i-Martin et al. (2004)).14 Brock et al. (2003) propose assigning priors based on accounting for the dif-
ferent levels of uncertainty that exist in constructing growth models; in doing this they distinguish between uncertainty about
underlying growth theories, uncertainty about specification, uncertainty about measurement and uncertainty about parameter
heterogeneity. We are not aware of any evidence that the choice of prior has mattered in the applications of model averaging to
economic growth.

Model averaging methods are still in their infancy in economics and statistics. There still exist many outstanding ques-
tions concerning the formulation of priors on model spaces, the use of Bayesian versus frequentist estimates, the appropri-
ateness of various approximations of posterior probabilities in order to ensure computational feasibility, etc. Further, the
selection of a model space M raises judgment issues that are difficult to resolve. Nevertheless, this approach seems very
promising and should be applied to nonlinear growth analysis.

3.3. Non-Bayesian approaches

Recently, increasing attention has been devoted to the integration of model uncertainty in policy evaluation exercises
employing non-Bayesian decision criteria. The advantage of these approaches with respect to a model averaging exercise
is their independence from the specification of prior probabilities over the model space. When different models are obser-
vationally equivalent, then differences in their posterior probabilities will be proportional to differences in their prior prob-
abilities and prior probabilities in growth contexts are likely to be arbitrary. The best known approach is the minimax
criterion, originally proposed by Wald (1950), which predicates the choice of a policy so to minimize the expected loss under
the least favorable model in the model space, relative to that policy.15 Formally
min
p2P

max
m2M

Eðlðgi;pi; #iÞjpi;d;mÞ: ð20Þ
An alternative non-Bayesian solution is minimax regret. Minimax regret was originally proposed by Savage (1951) to
avoid the pessimism of minimax by moving away from the idea that the worst outcome should be the benchmark compar-
ison. Rather, the focus in minimax regret is on the relative loss associated with choosing a policy in absence of knowledge of
the correct model. For a given policy pi and model m, the regret R(pi, d, m) associated with the policy choice is defined as
Rðpi;d;mÞ ¼ Eðlðgi;pi; #iÞjpi;d;mÞ �minp2PEðlðgi;p; #iÞjp;d;mÞ; ð21Þ
where P is the set of policies that are being considered. The key idea of the regret is measuring the extra loss that occurred
because the policy employed was not the optimal one for that model. The minimax regret policy is then
min
p2P

max
m2M

Rðp;d;mÞ: ð22Þ
Minimax regret has been used to study microeconomic questions in Manski (2005, 2007) and macroeconomic questions
associated with policy evaluation in Brock et al., 2007.16

In the specific application we are considering, it is reasonable to think that the policymaker might be inclined to design a
policy for countries with very low growth such that, if a particular state of nature is realized, the country under that policy
may imagine that there could exist uncertainty in the definition of the model space itself. Our approach to this is to define the model space to include
d a range of potential nonlinearities as possible.
-i-Martin, Doppelhofer and Miller assign prior model probabilities that treat variable inclusion in a way that higher priors to small models.
minimax approach has been pioneered by Hansen and Sargent (2007) for macroeconomic contexts and forms the basis of the literature on robustness
. From the perspective of the economic theory literature, versions of minimax have been justified by Gilboa and Schmeidler (1989) and Epstein and

1994).
enou et al. (2006) also provide a brief application of minimax regret to a question in economic growth to illustrate methods the authors have developed.
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would move from the low growth path to the high growth one. Even if the probability of this outcome is very low the utility
derived from it is extremely high. For this reason we propose a third non-Bayesian approach that we term minimin: the pol-
icy maker chooses the policy that under some state of nature delivers the minimum loss (highest growth) for a given country.
Formally
17 A fe
(2004)

18 We
works o
is assum
recipien
min
p2P

min
m2M

Eðlðgi;pi; #iÞjpi;d;mÞ: ð23Þ
To our knowledge the minimin approach is novel to the field, though we do want to emphasize that its use is tightly related
to the particular application at hand: allocation of aid policies for middle-low growth countries.

For the analysis of nonlinearities and growth, the main idea in the robustness literature that we see as important is the
shift from the identification of optimal policies toward the identification of policies that perform relatively well across dif-
ferent possible models of the economy, specifically with respect to the presence of possible nonlinearities. This is not an
endorsement of specific evaluative criteria which underlies the robustness literature. We see these methods as an appealing
way of moving from the consideration of optimal to ‘‘good’’ policies.
4. An illustration

In this section, we consider a recent debate in the empirical growth literature: the effect of external aid on the long run
growth of a country. As already mentioned, the core of this debate revolves around the sign and the statistical significance of
the interaction term between aid and a macroeconomic-policy-quality index in a standard cross-country regression model.
In this paper, we address the debate by evaluating what we are able to learn from the aid-policy nonlinearity itself. The con-
nection between aid and growth is provided by Burnside and Dollar (2000) and fits into the neoclassical growth model. Aid is
interpreted in this context as an income transfer – thus the efficacy of aid depends on the degree to which it is invested.
Policy impacts the return on capital both through incentives to invest the aid and through the productivity of the aid once
invested. The hypothesis is thus that developing country growth rates will depend on initial income as well as aid levels,
policy distortions, and the interaction of aid and policy.

We follow two recent papers of note that provide boundaries to the debate as well as a discussion of causality (Burnside
and Dollar, 2000 and Easterly et al., 2004). Burnside and Dollar, in a highly influential paper, find a positive and statistically
significant coefficient for a regressor that equals the product of a measure of the level of aid and a measure of the quality of
government policy in a country. They use this to justify their call for aid allocations to be conditioned on their policy index;
in fact, donors are now using a version of this (called CPIA, see Collier and Dollar (2002)) in aid allocations. A number of sub-
sequent studies have questioned their results.17 Of these, Easterly, Levine and Roodman is perhaps the strongest attempt at
refutation of the Burnside and Dollar result as Easterly et al. (2004) closely match the Burnside and Dollar (2004) data, as well
as extending it across countries and time. This study found that, with the updated data and larger data set, the aid and policy
interaction term of Burnside and Dollar was no longer statistically significant; as well, the sign of the coefficient became neg-
ative. Based on these findings, Easterly, Levine, and Roodman conclude that the earlier results of Burnside and Dollar (2000) at a
minimum require a more careful evaluation before driving policy actions. Burnside and Dollar’s reply to Easterly, Levine and
Roodman, while acknowledging the presence of a ‘‘complicated’’ nonlinearity that was not addressed in their initial paper, finds
that the discrepancy between results stemmed from the use of added country observations. When confined to the original time
period, Burnside and Dollar find that many of the most influential observations are from this new data.18

Our goal in this section is to highlight how a decision-theoretic approach which accounts for model uncertainty affects
the sorts of policy conclusions one might draw concerning aid and growth. In particular, the narrower question is whether
there exists evidence that supports the policy recommendation that aid should be primarily allocated to countries with a
high policy index. We believe that an answer to this question must be formulated within a decision theoretic framework
which systematically addresses the uncertainty affecting the role of aid and policy environment on growth. While we rec-
ognize that the exercise we present is crude in many dimensions, it highlights the decision theoretical methods we believe
are essential to answer the policy question at hand.

4.1. Aid regression structure

In studying the effects of aid our baseline model in this literature we employ a now canonical regression in Burnside and
Dollar (2000) which corresponds to ‘‘regression 5’’ in Easterly et al. (2004). We term this baseline set of variables ELR. ELR
consists of the logarithm of GDP, Ethnic Fractionalization, Assassination, Institutional Quality, Sub-Saharan Dummy (SSA),
East Asia Dummy (EA), Policy Quality Index, Sub-Periods Dummies, Ethnic Fractionalization interacted with Assassinations
w examples are Hansen and Tarp (2000, 2001), Lensink and White (2001), Rajan and Subramanian (2008), Djankov et al. (2008). See Burnside and Dollar
for additional examples.
abstract from issues of endogeneity of aid with respect to growth. It is an important issue, and one that has been considered recently in particular by
f Rajan and Subramanian (2005, 2008) where instrumenting strategies have been proposed to deal with non-random assignment of aid. For example, it
ed that the amount of aid that a donor allocates to a given country depends on whether the donor and the recipient have a common language, the

t was a colony of the donor or the recipient and the donor are signatories of some entente or alliance.
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and a constant. The variable of interest in this debate is Effective Development Assistance over GDP, denoted by Aid, and a
Policy Quality Index PQ. AID is defined as the ratio of the level of foreign aid to GDP of the recipient country and is calculated
based on a construction due to Chang et al. (1998). The Policy Quality Index variable is a weighted average of three macro-
economic indicators: inflation, government budget surplus and the black market premium.

The data set we use is the same data set used by Easterly et al. (2004). The data is a panel and spans a period from 1970 to
1997 divided in 7 sub-periods of 4 years each. The countries involved are low and middle income countries (a complete list may
be found in Appendix A). Notwithstanding the Burnside and Dollar (2004) arguments about problems with the Easterly, Levine,
and Roodman data extensions,19 we follow Easterly, Levine, and Roodman closely in data cleaning. We do so as our emphasis here
is principally methodological; a substantive evaluation of the claims would also require a more careful screening of the data and
adjudication of measurement issues that are not germane to our goals. After dropping outliers originally identified by Easterly,
Levine, and Roodman, we are left with 345 country-period observations on which to evaluate the relationship in question.

We undertake two different analyses. Each of these will draw on a given model space and a family of loss functions. In the
analysis we distinguish between theory uncertainty and specification of nonlinearity uncertainty. The former is captured by
entertaining all the possible combination of the variables in ELR. Each variable represents a theory so that each combination
can be interpreted as a distinct model of growth. Given our attention to the effects of aid on growth, in each model we always
include Aid and Aid � PQ. We incorporate specification of nonlinearity uncertainty by considering a model space in which we
replace the Aid � Policy variable with a ‘‘policy index quartile decomposition’’ of the aid variable. This is a decomposition of
the policy index into four ranked quartiles. To construct our new variables, we multiply the aid variable with a vector of
dummy variables corresponding to a country’s membership in each of the respective quartiles. The idea here is to capture
a possible nonlinearity between aid and growth by allowing aid’s relationship to growth to be different across the four quar-
tiles. As an example, consider countries i and j, where i0s PQ index belongs to the first quartile of the distribution (relatively
low value of policy quality) and j0s PQ index belongs to the fourth quartile of the distribution (relatively high value of policy
quality). The two countries will have, potentially, different growth models given by:
19 In f
to fill in
aid/GDP
gi ¼ dq¼1Aidþ Zicþ ei

gj ¼ dq¼4Aidþ Zjcþ ej
so that the effect of Aid on growth is allowed to vary across quartiles of the policy quality distribution.
As we have emphasized in this paper, we are concerned not with the coefficients and standard errors from a given model,

but with the distribution of growth rate changes conditional on a change in policy. As such, we implement the following
policy exercise. We increase the aid variable in each specification by one unit and calculate the density of the growth rate
in the country conditional on this change. We then use this density to evaluate the change with respect to a loss function.

The construction of the growth densities is done as follows. Each growth model we study has a linear structure
gi ¼ xi’bþ ei for some variable set x. If one assumes that regressors xi are nonstochastic and the error ei has a Gaussian den-
sity with mean zero and variance VðeÞ, then it follows that:
gi � NðbEðgiÞ; bV ðgiÞÞ ð24Þ
Depending on whether we consider only one model or we allow for a set of models, the terms bEðgiÞ and bV ðgiÞ are computed
accordingly. In particular, conditional on a single model m we specify
bEðgiÞ ¼ Eðgijpi;d;mÞbV ðgiÞ ¼ varðgijpi;d;mÞ
On the other hand, in the model averaging exercise we have
bEðgiÞ ¼ Eðgijpi;dÞbV ðgiÞ ¼ varðgijpi;dÞ
In this case
Eðgijpi; dÞ ¼
X

m

lðmjdÞEðgijpi;d;mÞ;

varðgijpi;dÞ ¼ Eðg2
i jpi;dÞ � ðEðgijpi;dÞÞ

2 ¼
X
m2M

lðmjdÞvarðgijpi;d;mÞ þ
X
m2M

lðmjdÞðEðgijpi; d;mÞ � Eðgijpi; dÞÞ
2

From the perspective of policy evaluation, the term
X
m2M

lðmjdÞðEðgijpi;d;mÞ � Eðgijpi;dÞÞ
2

is of particular interest. This term captures how different model-specific estimates of the expected mean effect of the policy
Eðgijpi; d;mÞ vary around the expected mean effect when model uncertainty has been accounted for, Eðgijpi; dÞ. This term thus
act, there are additional problems with the ELR data. A notable example of the data problems include the extrapolation of the effective aid variable levels
missing observations. This extrapolation is used for the 1970–1973 and 1996–1999 time periods. This technique leads some countries to have effective
levels as high as 6–10 times GDP and as low as �4 times GDP.
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captures a component of the uncertainty of outcomes associated with a policy that is ignored whenever a single model is
assumed to be the correct one. Draper (1995) argues that one reason why forecasts of the effects of changes in policies or
other variables are much less accurate than would be expected given the stochastic structure of the models under use is that
this term is conventionally ignored.

We evaluate the effects of a one unit change in the level of aid via the following:
20 Not
argume

21 The
l0ðgiÞ ¼ �gi þ jðgi � EðgiÞÞ
2
; j > 0 ð25Þ

l1ðgiÞ ¼ �
1

1� r
ðkþ giÞ

1�r ð26Þ
where k is a constant to be specified shortly. We calculate the expected loss function before and after the policy experiment
under the assumption that gi is distributed as in (25).20

4.2. Model averaging results

Our first exercise considers potential model uncertainty within the aid and policy debate. To do this, we compare the base-
line Easterly, Levine and Roodman regression, which we denote as exercise (1) with a model averaged analog, which is denoted
as exercise (2). Exercise (1) thus is a single-model specification, namely ELR, Aid, and Aid � Policy. Exercise (2), in contrast, re-
ports model averaging results for the different models that may be produced with the variables in the initial specification. This
is done by estimating the appropriately weighted average of the set of models obtained by all possible combinations of regres-
sors in the set of variables considered within the models consisting of elements of exercise (1). This averaging follows Eq. (18)
for computing the reported weighted means and variances.21 These results may be interpreted as providing an evaluation of the
evidence of a nonlinearity that links aid effects with growth (via policy quality) by relaxing the assumption that the Easterly, Levine
and Roodman theory specification (in the sense of choice of regressors in ELR) is the true one.

Our second analysis allows for a more flexible form of nonlinearity in the growth/aid relationship. Specifically, we replace
the term Aid � Policy with a ‘‘policy index quartile decomposition’’ of the aid variable. This is a decomposition of the policy
index into four ranked quartiles. To construct our new variables, we multiply the aid variable with a vector of dummy vari-
ables corresponding to a country’s membership in each of the respective quartiles. The quartiles are created based on a single
ranking of the policy variable for the entire time period. The idea here is to capture a possible nonlinearity between aid and
growth by allowing aid’s relationship to growth to be different across the four quartiles. Exercise (3) thus estimates a regres-
sion consisting of ELR, Aid, Aid � Policy, Aid(1), Aid(2), Aid(3), Aid(1) � Policy, Aid(2) � Policy, and Aid(3) � Policy. Here, Aid(j)
indicates a variable is multiplied by the dummy variable indicating a country membership in the j0th policy quartile. The final
exercise, (4) engages in averaging for a model space that includes both theory uncertainty and uncertainty about the form of
the aid/policy interaction term (see Table 1).

Calculations of the effects of a change in foreign aid are done as follows. For a given model, we calculate posterior values
for the expected value and variance of the growth rates for each country in each time period. To do this we combine the
posterior mean and the variance/covariance matrix of the model parameters with the model regressors and the variance
of the growth regression errors as suggested by theory above. For the policy change we have described (an increase in
the aid level), for each country and time period, the within-model expected value and variance of the growth level under
the counterfactual is obtained by combining the posterior mean and variance matrix of the model parameters and regression
error variance that were originally calculated. This takes the values of the various regressors (with the exception of the aid
level) as the same under the counterfactual as under the original policy.

Table 2 reports the difference between expected loss before and after the policy averaged across Sub-Saharan countries,
non-Sub Saharan countries and all the countries in the sample. A positive (negative) sign should be considered as suggesting
that the policy would increase (decrease) the average expected loss for that group of countries. Therefore, a negative sign has
to be read as an improvement for that group of countries. Columns (i) and (ii) report the results under two versions of the
baseline mean-variance loss function, one with a variance coefficient of 2 and the other with a variance coefficient of 4. The
latter is meant to capture a stronger aversion to any increase in the variance as the policy is implemented. For example, sup-
pose that when j = 2 the increase in aid results in a lower expected loss due to a higher expected growth despite an increase
in variance. Under the case j = 4 the higher expected growth might be no longer enough to overcome the loss component
due to the increase in the variance. From columns (i) and (ii) only in two cases the change in the loss function reverses, some-
thing that tells us that when the policy is applied either the change in growth and variance go in the same direction, or the
change in the former always dominate the change in the latter. Columns (iii) and (iv) present the expected utility results for
the power loss function for parameters r e {1, 2}. Note that for r = 1, the loss function is logarithmic. We report these loss
functions because they capture an aversion to the uncertainty of the loss that has a curvature compared to the linearity of l0.
When r = 2 the policymaker is more concerned about variance, compared to the case of r = 1. We notice first that under the
ice that the normality assumption for model errors implies that even very large negative growth rates are a possibility. However, this would make the
nt of the exponential loss function negative. In order to avoid this possibility, the normal distribution is truncated at gi ¼ �k.
expressions for mean and variance from the density (18) are reported in Appendix A.



Table 1
Summary results for single model and Bayesian model averaging estimation.

ELR baseline model (1) BMA (2)

Log (GDP) �0.4 �0.06
�0.37 �0.3

Ethnic Fractionalization �0.01 �0.12
�0.69 �0.68

Assassination �0.37 �0.16
�0.26 �0.22

Institutional Quality 0.31 0.17
�0.12 �0.2

M2/GDP 0.002 0.01
�0.01 �0.01

Sub-Saharan Dummy �1.68 �0.78
�0.55 �0.88

East-Asia Dummy 1.18 1.13
�0.51 �1.29

Ethnic Fract. � Assassination 0.18 �0.11
�0.64 �0.46

Policy quality 1.22 0.72
�0.22 �0.72

Aid 0.2 �0.18
�0.26 �0.47

Aid � policy quality �0.15 0.06
�0.14 �0.29

This table reports the coefficients least squares estimates of the baseline model in
Easterly et al. (2004) in column (1) and the model averaging estimates for a model space
constructed performing combinations of the variables in the ELR baseline model but
always including Aid and Aid � Policy Quality in each model, this results in a total of 512
models. Dummy variables for time period-effects are included in every specification as
well. The BMA exercise is done by assigning priors to each model that reflect the prob-
ability of including a particular theory (see Brock et al., 2003); in this particular exercise
each variable is considered a theory, therefore the priors are flat over the model space.
The posteriors are calculated approximating the likelihood of each model by the method
proposed in Raftery (1995).
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ELR model the mean variance approach suggests that an increase in aid would have a detrimental effect for SSA and non-SSA
countries in roughly the same proportion, varying between 57% and 68% of the countries.22 When the aversion to the variance
is increased, there is a slight increase in the proportion of countries for which aid is detrimental. The BMA result for the first two
columns of Panel A describe a similar story, but now the proportion of SSA countries for which aid is detrimental is higher.
When we consider a utility with a different curvature, for the single model case the proportion of countries for which an in-
crease in aid is undesirable becomes 39% for SSA countries and 51% for non-SSA countries. Overall these results point to a mod-
erate desirability of increase for a good portion of countries in both groups. When the model space is expanded to include more
than the ELR model, the results change dramatically as now aid is undesirable for most of the countries in both groups (96% for
SSA countries and 94% for non-SSA countries).

When one considers models where the nonlinearity between aid and the policy index is specified in terms of quartiles for
the policy index (Table 2, Panel B), the results suggest that an increase in aid is un-desirable only in a few cases. Although
consistent patterns are difficult to uncover, there is one clear pattern that is worth emphasizing. Looking at non-SSA coun-
tries with a high policy index (Q4), when only the baseline single model is considered, the results suggest that aid is bene-
ficial under all loss functions. However, when model uncertainty is allowed this conclusion is completely reversed and the
increase in aid is now detrimental. Although we are aware of the limits of the results in Table 2, we think that they are sug-
gestive of a more complex nonlinear relationship between aid, growth and quality of policies in a country than otherwise
suggested by single regression models and parameter significance tests.
4.3. Non-Bayesian approaches

In this section we approach model uncertainty using the Minimax, Minimax Regret and Minimin. To explore the role of
these various preferences, we consider a few exercises. We limit our discussion to three possible policy options: leave aid
unchanged, increase aid by 1 unit and decrease aid by 1 unit. There is nothing in the structure of this approach that prevents
22 This can be seen from the positive sign in Table 2, Panel A, Column (i).



Table 2
Changes in expected loss after a unit increase in aid.

Loss functions

l0,j=2(gi) l0,j=4(gi) l1,r=1(gi) l1,r=2(gi)

Panel A
(1) Single SSA 0.57 0.65 0.39 0.41

Others 0.68 0.70 0.51 0.51
All 0.65 0.69 0.47 0.48

(2) BMA SSA 0.68 0.60 0.96 0.94
Others 0.59 0.54 0.82 0.79
All 0.62 0.56 0.86 0.83

Loss functions

l0,j=2(gi) l0,j=4(gi) l1,r=1(gi) l1,r=2(gi)

Panel B
Q1 (3a) Single SSA 0.54 0.69 0.11 0.11

Others 0.30 0.40 0.19 0.19
All 0.40 0.52 0.16 0.16

(3b) BMA SSA 0.66 0.66 0.4 0.37
Others 0.30 0.38 0.53 0.53
All 0.45 0.50 0.48 0.46

Q2 (4a) Single SSA 0.63 0.83 0 0
Others 0.19 0.57 0 0
All 0.32 0.65 0 0

(4b) BMA SSA 0.7 0.73 0.37 0.43
Others 0.81 0.80 0.4 0.43
All 0.78 0.78 0.39 0.43

Q3 (5a) Single SSA 0.97 0.97 1 1
Others 1 1 1 1
All 0.99 0.99 1 1

(5b) BMA SSA 0.97 0.93 1 1
Others 1 0.98 1 1
All 0.99 0.96 1 1

Q4 (6a) Single SSA 1 0.91 1 1
Others 0.99 0.84 1 1
All 0.99 0.85 1 1

(6b) BMA SSA 0.73 0.73 0.18 0.36
Others 0.30 0.32 0.11 0.14
All 0.35 0.38 0.12 0.16

Notes: This table reports the sign of the change in expected loss under alternative loss functions as defined in Section 6. A positive sign means that the policy
change has decreased the expected loss and it is therefore desirable. The expected loss before and after a policy change is computed under the assumption
that the conditional distribution of growth for a given country–period pair is Gaussian. For the exponential loss functions k ¼ 15, we have experimented
with different values for k and the results do not change qualitatively. Q1–Q4 denote quartiles 1–4, quartile 1 refers to the mass of lowest values for the
Policy Quality Index while quartile 4 refers to the mass of the highest values.
The coefficients in each model specification are estimated by least squares. The data set used is a panel from Easterly et al., 2004. The usable observations
are a total of 345: 64 countries over 5–6 periods on average.
The BMA exercise is done by assigning priors to each model that reflect the probability of including a particular theory (see Brock et al., 2003); in this
particular exercise each variable is considered a theory, therefore the priors are flat over the model space. The posteriors are calculated approximating the
likelihood of each model by the method proposed in Raftery (1995).
For the quartiles case the estimation is undertaken by including dummy variables capturing the belonging of a given country–period pair to a portion of the
Policy Quality Index distribution. Therefore, in each estimation all the 345 country–period observations where used.
Averages are taken in the following way. For Panel A, first the average change is calculated for each country across periods, then the results are averaged
across countries using an equal weight. For Panel B, for each quartile first the average change is calculated for each country across periods and then the
results are averaged across countries using an equal weight.
The model averaging allows all nine of the variables specified in the data appendix to enter as a unique theory. As well, it allows the interaction of aid and
policy to enter as a unique theory. Dummy variables for each period are included in every specification.
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one from considering a wider range of options, but for the purposes of this discussion, the limited range of policy options is
convenient.

We again dissect the world into country-period pairs. For each of these observations and each policy option, we look
across the full model space from the model averaging methods above. Populating each of these cells with the expected
growth conditional on the policy option, we can then evaluate each of the preference formulations. For example, under
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Fig. 1. (A) Changes in expected loss after a unit increase in aid – single model, (B) changes in expected loss after a unit increase in aid – BMA.
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minimax preferences, we find the worst possible growth outcome for each of the three policy options and then choose the
policy option that leads to the best outcome among these three ‘worst case’ results.

To understand the relevance of this method in the context of the aid and policy debate, we show a few summary charts.
Given the BD and ELR emphasis on the role of the policy variable on the aid decision, it is instructive to look at the
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Fig. 1 (continued)
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relationship between the policy indication resulting from Minimax, Minimax Regret and Minimin and the policy index var-
iable itself. This is reported in Fig. 1.

Focusing on Panel A, for a substantial fraction of countries with medium-high policy index values the proposed policy
would be to reduce aid by 1 unit. A notable result from this exercise is that the proposed policy for a non-trivial number



-5 -4 -3 -2 -1 0 1 2 3 4

Decrease aid

No change

Increase aid

Policy quality

Optimal minimax aid policy
nonSSA
SSA

-5 -4 -3 -2 -1 0 1 2 3 4

Decrease aid

No change

Increase aid

Policy quality

Optimal minimax aid policy w/ quartiles
nonSSA
SSA

-5 -4 -3 -2 -1 0 1 2 3 4

Decrease aid

No change

Increase aid

Policy quality

Optimal minimax regret aid policy
nonSSA
SSA

-5 -4 -3 -2 -1 0 1 2 3 4

Decrease aid

No change

Increase aid

Policy quality

Optimal minimax regret aid policy w/ quartiles
nonSSA
SSA

-5 -4 -3 -2 -1 0 1 2 3 4

Decrease aid

No change

Increase aid

Policy quality

Optimal minimin aid policy

nonSSA
SSA

-5 -4 -3 -2 -1 0 1 2 3 4

Decrease aid

No change

Increase aid

Policy quality

Optimal minimin aid policy w/ quartiles
nonSSA
SSA

Fig. 2. Policy quality and aid policy recommendation. Fig. 1 reports the optimal policy choices for each country-period observation under various decision
rules. The first figure in each pair reports the optimal policy choice under the baseline model and the indicated decision rule. The second figure in each pair
reports the optimal policy calculated based on the nonlinear model with policy quartiles discussed above. SSA countries are indicated with and x and non-
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of countries with low policy index values under minimax is to increase aid. This is in stark contrast with the policy recom-
mendations implied by the results of Burnside and Dollar (2000). When the nonlinearity is modeled by allowing a different
coefficient across policy quartiles (Panel B) the results do not change, the few very low policy quality countries are now in
the area of increase in growth.

Once we turn to the minimax regret preferences case, we find again contrast to the Burnside and Dollar (2000) message.
In fact, for a large fraction of the country-period pair observations with medium-high policy index values, the policy recom-
mendation is for the reduction of aid. We find essentially no cases in which one would want to increase aid. As with the mini-
max case, we consider this to be evidence that plausible policymaker preferences and model uncertainty can lead to very
different policy implications than a t-statistic style analysis. Once again, the case with the quartiles tells the same message
overall, with a higher portion of countries now in the ‘‘no change’’ set and a few countries with medium policy index quality
in the ‘‘increase aid’’ set (see Fig. 2).
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Finally, assuming that the policy maker has minimin-style preferences the indicated policy varies between decreasing
and increasing aid. However, the patterns are once again hard to discern. While there is a large set of countries with med-
ium-high policy indices for which the indicated policy is to increase aid, the relationship between the policy index and the
suggested policy is unclear as there are also a set of country-period pairs with high policy index values for which the rec-
ommendation is to reduce aid.

Overall, we take the combined results for the model averaging and the non-Bayesian approach as a indicating that, in
presence of a decision theoretic approach to the policy question of whether to allocate aid to countries with high or low pol-
icy quality, aid should not be allocated in higher amounts to countries with high policy quality. This statement is conditional
on using the empirical evidence on which the opposite claim by Burnside and Dollar (2000) was based.
5. Conclusions

This paper is designed to outline some of the complications that exist when one moves from positive analyses of nonlin-
earities in the growth process to policy recommendations. We argue that there exist limits to what can be inferred. To rectify
this, we advocate two research directions. First, we see a need for a more precise orientation of nonlinear growth research
toward policy questions in terms of estimating the relevant objects of study, i.e. conditional distributions of growth under
different scenarios. Second, we see a need to address model uncertainty in developing robust evidence of nonlinearities.

The statistical approaches we advocate in no way are panaceas for deep difficulties that exist in developing policy impli-
cations from the relatively crude data that are available for assessing cross-country experiences. These methods do hold the
promise of making policy recommendations more robust, possibly at the cost of greater modesty in predictions. Work of this
type will produce less glamorous claims than those one often sees in single-cause or single-model growth exercises, but will
provide a far firmer basis for serious policy debates.
Appendix A. Data

The data set employ in our empirical exercise is identical to that employed by Easterly et al. (2004) and made available at
http://www.cgdev.org/Research/. The variables used in our empirical exercise are: (1) per-capita GDP growth, (2) initial GDP
per capita: natural logarithm of initial GDP per capita for the first year in each period of the panel, (3) Ethnic Fractionaliza-
tion: the probability that two individuals belong to different ethnic groups; (4) Assassinations, (5) Institutional Quality, (6)
the ratio of M2 to GDP, lagged one period, (7) a dummy variable for Sub Saharan Africa, (8) a dummy variable for East Asia
(Indonesia, South Korea, Malaysia, Philippines and Thailand), (9) and index of policy quality: regression weighted average of
three variables: budget surplus (corresponding to fiscal policy), inflation (corresponding to monetary policy) and black mar-
ket premium (corresponding to international trade policy), and effective development assistance: the ratio of a measure of
foreign aid (due to Chang et al. (1998) to GDP.

The following are the countries in the data set23: Algeria, Argentina, Bolivia, Botswana, Brazil, Burkina Faso, Cameroon,
Chile, Colombia, Republic of Congo, Costa Rica, Cote d’Ivoire, Dominican Republic, Ecuador, Egypt, El Salvador, Ethiopia, Gabon,
Gambia, Ghana, Guatemala, Guyana, Haiti, Honduras, India, Indonesia, Iran, Jamaica, Jordan, Kenya, Korea, Madagascar, Malawi,
Malaysia, Mali, Mexico, Morocco, Myanmar, Nicaragua, Niger, Nigeria, Pakistan, Papua New Guinea, Paraguay, Peru, Philippines,
Senegal, Sierra Leone, Somalia, Sri Lanka, Syria, Tanzania, Thailand, Togo, Trinidad and Tobago, Tunisia, Turkey, Uganda, Uru-
guay, Venezuela, Zaire, Zambia, Zimbabwe.
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