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Abstract

This paper proposes an instrumental variable method for programme evaluation that only
requires a single cross-section of data on the spatial intensity of programmes and outcomes.
The instruments are derived from a simple theoretical model of government decision-
making in which governments are responsive to the attributes of places, rather than to the
attributes of individuals, in making allocation decisions across space, and have a social
welfare function that is spatially weakly separable, that is, that the budgeting process
behaves as if it is multi-stage with respect to administrative districts and sub-districts. The
spatial instrumental variables model is then estimated and tested with a single cross-section
of Indonesian census data. The results offer support to the identification strategy proposed
but also highlight some issues affecting validity.

I. Introduction

Governments in developing countries earmark significant proportions of their budget to-
wards establishing programmes that seek to alter the behaviour of target populations. By
influencing fertility, health and schooling outcomes, these programmes are often the gov-
ernment’s main tools for spreading economic well-being and for spurring economic growth.
A fundamental problem in programme evaluation is that the coverage of programmes and
the timing of programme initiatives – programme placement – are not likely to be random
to the extent that governmental decision rules are responsive to attributes of the targeted
populations that are not measured in the data. Simple measured associations between pro-
grammes and programme outcomes, anticipated or unanticipated, will therefore not provide
correct estimates of programme effects. Data on the spatial distribution of programmes and
population characteristics at more than one point in time can be used to identify programme
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effects with relatively simple methods (fixed effects) when programme placement depends
on unmeasured time-persistent or permanent characteristics of locations but varies as a
function of aggregate economy-wide trends or shocks.1 The longitudinal data required for
fixed effects estimation are not always available in developing countries, or are too closely
spaced so that programme change is small relative to noise, and the assumption of the time
invariance of the confounding unobservable component may not always hold. This paper
illustrates an application of an instrumental variable method for programme evaluation
that only requires a single cross-section of data on the spatial intensity of programmes and
outcomes. The instruments are derived from a theoretical model of government decision-
making that requires that the government’s social welfare function is spatially weakly
separable, that is, that the budgeting process behaves as if it is multi-stage with respect to
administrative districts and sub-districts. The spatial instrumental variables model is then
estimated and tested with a cross-section of Indonesian census data to illustrate how spatial
methods may be used to address research in public finance.

The spatial instruments illustrated in this paper can be derived from models that opti-
mize household and government behaviour subject to resource and information constraints.
The idea is that the nature of the budgetary process with spatially defined administrative
districts generates a set of exclusion restrictions that can be used as instruments for the ob-
served allocation of public programmes across space. Governments are, rather innocuously,
assumed to be responsive to the attributes of places and their populations, rather than to the
attributes of individuals, in making allocation decisions across space. If the attributes of a
district rather than individual characteristics decide programme placement, and the means
(or higher moments) of outcomes for all ‘competing’ districts enter into the government’s
social welfare function, then the district means of individual and district exogenous deter-
minants of these outcomes in other districts may be used as instruments for the placement of
programmes in any particular district.The intuition underlying this is the same as the notion
of strategic interaction between decentralized bodies of government in the public finance lit-
erature where spatial attributes of places matter in decision-making (Besley and Case, 1995;
Brueckner, 2003). The assumption of weak separability of a social welfare function having
as argument the mean outcomes of every administrative unit (district) is sufficient to gener-
ate spatially decentralized budgeting, an allocation process that yields restrictions sufficient
for identification. The separability assumption says that the marginal rate of substitution in
human capital between any two locations is independent of all other locations, thus allow-
ing for the existence of aggregator functions by area. With separability, the process can be
thought of as a multi-stage budgeting process where allocation decisions are made sequen-
tially at progressively lower levels of government. Decision-making of this type will arise
as a consequence of the costliness of acquiring and processing information on the returns
to and health status of every single uniquely identified household or spatial aggregation of
households. If characteristics of locations (which may be defined by political boundaries or
other criteria as we discuss below) enter the government’s operand to influence programme
placement, with budget constraints, competition for resources will arise at increasingly

1
Other approaches to identification with single-cross sections of data make use of natural or quasi-experiments

(e.g. Pitt and Khandker, 1998), regression discontinuity designs (e.g. van der Klaauw, 2002) or the time history of
program placement (Duflo, 2001).
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decentralized levels of local authority. Hence, programme intensity in an area will depend
on the characteristics of other areas, leading to exclusion restrictions for identification.

The type of model implied by the theory is known as a spatial-x model in the spatial
econometrics literature (Anselin, 1988). Related versions of the model in this literature
have been used to estimate cross-sectional models that include a lagged dependent vari-
able on the right hand side with or without an error structure that is spatially autoregressive
(Kelejian and Prucha, 1998). Other methods of estimating models with spatial autoregres-
sive errors consistently include a dynamic spatial GMM estimator and an approach that
combines spatial and non-spatial instruments (Baltagi, Fingleton and Pirotte, 2014). Our
innovation is to translate these models from the spatial econometrics literature to the pro-
gramme evaluation field. We apply the intuition from existing spatial techniques to data
from Indonesia to demonstrate the manner in which spatial instrument methods can work.
In order to illustrate the manner in which spatial instrument methods may be applied in
programme evaluation, three sets of spatial instruments are constructed defined by both
spatial contiguity (shared boundaries) and by membership in a larger administrative unit.
Four outcomes (girls’ and boys’ school enrolment, recent fertility and contraceptive use)
and four programmes (primary schools, secondary schools, family planning clinics and
public health clinics) are investigated. The spatial instrumental variables results generate
significantly different estimated programme effects as compared to models that assume
programmes are placed exogenously, thus demonstrating the manner in which spatial tech-
niques may be used to evaluate programmes when standard methods fail. Hansen–Sargan
tests of overidentification and tests of instrument orthogonality and instrument redundancy
are reported. Identification of programme effects is called into question when spatial net-
work effects exist – that is, when exogenous predictors in other sub-districts directly affect
outcomes in any particular sub-district conditional on programme availability. Below we
estimate models that identify programme effects allowing for spatial network effects at
varying levels of spatial distance, and use the estimates to test for spatial network effects
and the efficacy of the identification strategy. As always in instrumental variable mod-
els, some assumptions are untestable, but we develop some empirical criteria that suggest
whether the identification of programme effects from two-stage budgeting is reasonable in
an empirical setting.

II. Economic model

Model for the household

To illustrate the sources of endogeneity confounding the evaluation of spatially sited
programmes and the assumptions underlying our identification strategy, we model both
household and government behaviour in the context of a multi-district nation. The coun-
try consists of L administrative districts each with N households, and K sub-districts per
district each with J =N/K households.2 The pair of sub-district and district indices (�, `)

2
It is not required that there actually are administrative districts and sub-districts that have control over resource

allocation in order for the process that allocates programmes to places to be a spatially two-stage process as modelled
here. It is sufficient that the central planner consider spatially aggregated program determinants and program outcomes
in allocating programs that have spatially limited effects on outcomes.
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uniquely identifies a sub-district. The household side is completely conventional. We ab-
stract from issues of allocation within the household. Since models of household demand
when some goods, such as human capital H, are home produced are well known, we pro-
ceed directly to the (solved out) conditional demand equations. The linearized conditional
demand equation for Hjkl, the human capital of household j in sub-district k of district l is

Hjkl =�0 +Pjkl �1 + (WhP) �2 +�rkl +�kl +�jkl, j=1,…, N/ K (1)

where Hjkl is a vector of KL individual-level observations containing the jth household of
each sub-district, rkl is an KL-vector that denotes the level of a composite public good input
(e.g. public health services) provided by the government to sub-district k in district l, Pjkl is
an KL×M matrix of M strictly exogenous variables affecting human capital, some of which
vary by sub-district (attributes of the local environment and prices for goods) and some of
which vary by household (parental schooling and age, religion, languages spoken), P is the
KL×M (spatial) matrix of strictly exogenous variables Pjkl at all places,3 Wh is a KL×KL
spatial weight matrix, the term �kl is the sub-district specific unobservable heterogeneity,
and �jkl is a non-systematic household specific error term representing deviations from the
sub-district average of unobserved factors.4

Equation (1) forms the basis of a model that is similar to the spatial-x model in the
spatial econometrics literature (Anselin, 1988; Kelejian and Prucha, 1998; Baltagi et al.,
2014). This model assumes some type of spatial dependence from an exogenous predictor
in sub-districts other than (�, `) to the programme intensity rkl in sub-district (�, `). The
spatial weight matrix Wh is a positive and symmetric matrix whose elements wh

kl represent
exogenous geography such as measures of distance between spatially defined units, or
more simply, nearest neighbours or contiguity, the most common measure in the spatial
econometric literature. The diagonal elements of Wh are zero by convention, and rows sum
to 1 as a normalization. This facilitates the interpretation as an averaging of neighbouring
values. There are clearly more unique elements in Wh than observations when the number
of observations is equal to the number of sub-districts and, in accord with the spatial
econometrics literature, Wh is assumed to be fixed and known. In the case of contiguity,
elements of Wh for places that are not contiguous to place (�, `) have the value of zero,
and elements of contiguous places have the value of 1 (prior to normalization). Thus,
Wh simply picks out the matrix of strictly exogenous variables for relevant neighbours
from P.5

A standard assumption in the very large literature on programme evaluation that makes
use of data on outcomes in a district matched to programmes in the same district (as in state-

3
For variables in Pjkl that vary across households within a sub-district, the corresponding elements of the spatial

matrix P are the sub-district means.
4
In the empirical example, six public goods rkl are specified. Consequently, while in equation (1) the parameter

� is a scalar, it is a vector of six parameters in the application. The parameter vectors �1 and �2 are M×1 vectors.
Since Pjkl is an M-vector for each observation, one could specify a different KL×KL matrix Wh for each element
of that M-vector. We do not do so here in order to avoid clutter and because we have a single Wh matrix for all of the
exogenous variables in the empirical application.

5
Following Elhorst (2014), spatial weights matrices commonly used in applied research are: (i) p-order binary

contiguity matrices where if p = 1 only first-order neighbours are included; (ii) inverse distance matrices which may
have set weights to zero if distance exceeds some maximum; (iii) q-nearest neighbour matrices (where q is a positive
integer); (iv) block diagonal matrices where each block (or ‘district’) represents a group of spatial units that interact
with each other (‘sub-districts’) but not with observations in other blocks.
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or county-level analysis in the US) is that �2 =0.6 This assumption, typically never stated,
holds that none of the exogenous variables in other places affect outcomes in place (k,l),
that is, there are no spatial spillovers arising from P. Below, we show how instruments for
endogenous programme placement can be derived from models that optimize household
and government behaviour subject to resource and information constraints even when
�2 �=0.

Model for the social planner

The central government has a social welfare function that may include many outcomes in
addition to Hjkl, the levels of human capital enjoyed by its citizens. From some unspecified
process that determines the full public expenditure of the country, the ‘Ministry of Human
Capital’ (social planner) receives a fixed lump-sum (V) to allocate towards the production
of human capital Hjkl.7 The most general form of the sub-utility function for human capital
of the social planner contains the individual human capital outcomes of each household
(person) as arguments:

W= (H111, H211,…, Hn11, H121,…, HNKL) (2)

In principle, the social welfare function can be written with sub-district level outcomes,
such as the sub-district means or higher moments, in place of individual specific outcomes
as arguments. This will arise as a consequence of the costliness of acquiring and processing
information on the health status of every single uniquely identified household or small
aggregations of households.8 For example, decision makers may only have information
from surveys on the first few moments of the sampled distribution in sub-districts. Writing
the social welfare function in equation (2) with mean sub-district outcomes as arguments
gives:

W=W( 1[ 11(H11), 21(H21),…, K1(HK1)],…, L[ 1L(H1L), 2L(H2L),

…, KL(HKL)])
(3)

where l is a utility function for district l defined over the second-level sub-utilities kl

of all of the sub-districts in l.
Maximizing the social welfare function (3) subject to the fixed budget V and solving

for rkl yields the reduced-form equations for programme intensity

rkl = r(P11, .., PKL,�11,…,�KL,V) (4)

There are two implications of equation (4) worthy of attention. First, the sub-district level
error �kl is a determinant of both Hjkl, the human capital of individual j in sub-district k
in district l, and of the programme intensity in that sub-district, rkl. Consequently, con-
sistent estimation of the effect of programme intensity on human capital must deal with
this confounding unobserved variable. Second, Pkl, the exogenous determinants of human

6
Or, alternatively, that Wh is the zero matrix.

7
In accord with most of the programme evaluation literature, we abstract from taxation and other public finance

issues that affect the determination of V.
8
In addition, the social planner’s allocation decisions only affect the sub-district availability of publicly provided

goods such as schools and clinics and not person-specific availabilities.
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capital in districts and sub-districts other than sub-district (�, `) (i.e. when (k,l) �= (�, `)),
affect programme intensity in sub-district (�, `), r�`, but not necessarily human capital in
(�, `).9

This model can be linearized and compactly represented as:

r�` =P�`�+WP�+ "�,` (5)

where r�` is the composite programme spatially allocated to place indexed by (�, `), W
(like Wh) is the KL×KL spatial weight matrix associated with programme placement, �
and � are M×1 parameter vectors to be estimated, and " is an error term that contains (i)
�kl (which include the P�` that are unobserved by us but presumed known by the social
planner)10 and (ii) any other sources of randomness in the data.

Differences between W and Wh give rise to the exclusion restrictions that we propose
for instrumental variables estimation. Apart from the usual issues concerning the number
of instruments and their strength found in standard instrumental variables modelling, three
restrictions on the spatial weight matrix W and on WP in equation (5) are necessary for
identification:

(A) (trivially) at least one off-diagonal element must be non-zero
(B) all the off-diagonal elements on W cannot have the same value

If the wkl all have the same value then the product WP creates the means of P across
all districts except district (�, `), and the model is not identified since then P and WP are
perfectly negatively correlated.11 We refer to this case as one in which the social planner’s
programme allocation decision is spatially uninformed, in that knowing the location of
places (districts) does not matter in her allocation decision.

(C) � �=0, that is, the social planner is spatially informed when making allocation de-
cisions across sub-districts. Weakly separable preferences (as in equation (3)) are
sufficient for this to hold.

Given (A)–(C), there are then two cases that generate the exclusion restrictions required
for identification of �, the effect of programme rkl on Hjkl in equation (1):

Case I. No network effects on Hjkl conditional on rkl in equation (1) (�2 =0)
Under Case I, all of the terms WP in equation (5) are available as instrumental variables.

Note that if household’s behaviour is only influenced by the attributes of their neighbours
who reside in their sub-district, then �2 =0 is not contradicted. The larger are sub-districts,
the more credible are network effects arising wholly within a sub-district likely to be true.
The Indonesian administrative district structure used in this analysis is in order: 1. province,
2. district (kabupaten) and 3. sub-district (kecamatan).There are roughly 3,000 sub-districts
with a current average population of 87,000 people, so this is a sizable ‘neighbourhood’.

9
To be clear, the ‘prices’ of human capital inputs that are included in Pkl may represent the costs of acquiring

information about the existence of the public program rkl and the services it provides, as well as transport and other
direct or indirect costs involved in taking advantage of its services.

10
We allow for spatial correlations in �kl (and hence in "�,`, the error term in equation (5)) in our estimations and

do not assume that they are independently distributed. All standard errors reported in the paper allow for unrestricted
correlation between sub-districts in a district in order to account for this non-independence.

11
To see this, note that sum of an exogenous variable across districts is a constant, so that WP is a constant minus

Pkl, and thus corr(constant – Pkl, Pkl) = −1.
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Furthermore, the general empirical finding that human capital outcomes (Hjkl), exo-
genous attributes of places (Pkl), and public programmes (rkl) are spatially correlated is not
sufficient to invalidate �2 =0 or invalidate the identification strategy set out and applied in
this paper.12 However, there may indeed be attributes of the structure of preferences, bio-
logy, and information that may generate structural cross-sub-district effects. We consider
this possibility below.

Case II. There are network effects on Hjkl conditional on rkl in equation (1) (�2 �=0).
In this case, a sufficient condition for identification is that some of the non-zero off-

diagonal elements of W correspond to zero elements of Wh (and � �=0). More precisely,
if the elements of W and Wh are either zero or one, with the value of one picking out those
sub-districts associated with cross-sub-district effects, the matrix [W −Wh] must have a
least one positive element in the upper diagonal. This means that in equation (1), there
are exogenous variables for some sub-districts other than (k,l) that determine programme
intensity in district (k,l), rkl, but not human capital Hjkl in (k,l).13 This latter assumption is
scrutinized at length below.

While these are sufficient conditions, they are not necessary for a simple generalization
of the model. Consider partitioning W into two submatrices W1 and W2 with associated
parameters �1 and �2 in equation (5). With the two matrices W1 and W2 and two parameter
vectors �1 and �2, the effects of sub-district exogenous variables on programme placement
are no longer all proportional as they are when specifying a single full matrix W. A single
identifying restriction is created since there is one parameter �2 associated with WhP in
equation (1), but two parameters �1 and �2 associated with the spatial term WP when W
is partitioned into W1 and W2. This is true even if the W and Wh only contain zeros and
ones, and exactly overlap so that [W −Wh] is the zero matrix. We will examine a case of
this form (given in equation (6) below), and its justification.

The question is: do theories of public finance meet the requirements above for identifica-
tion? For example, when is a non-zero W matrix sensible? Since having non-zero elements
in W is necessary to identify our model, this is crucial. And, if there are network effects
determining the outcome Hjkl, are there then restrictions on [W−Wh] that still identify the
model?

12
The Pkl attributes of places are almost surely spatially correlated in all countries of size. In Indonesia, the

sub-districts of the island of volcanic Bali share attributes of a physical environment that differ from the common
environment shared by sub-districts in lowland West Borneo. Sub-districts along coasts share attributes different
from those in high plateaus. Any spatial correlation in Pkl will necessarily feedback into correlations in program
intensity, rkl, and human capital outcomes, Hjkl, without the need to postulate models of strategic interaction among
governmental units or spatial network effects.The data-generating processes described below are sufficient to generate
correlations among all of the variables considered.

13
The proof that this condition is sufficient for identification is straightforward. In the common case where the

elements of the (unnormalized) spatial weight matrix are either zero or one, the exogenous variables WP and WhP are
the means of the variables P for the cross sub-districts picked out by W and Wh. If W has the value of one for at least
one element and that element has the value zero in Wh, then WP and WhP are not perfectly collinear. If there are M
variables in P, this generates M identifying restrictions. Consequently, the predicted value of the program (rkl) in the
sample, conditional on the exogenous variables in equation (1) which include the instrument WP, is not collinear with
the exogenous variables in equation (1), which include WhP, and is thus identified. In terms of a spatial lag structure,
if WP includes a lag not found in WhP (as in the application reported below), then there are KL positive elements in
WP that are zero in WhP. Identification via specifying an extra spatial lag, implying KL additional positive elements,
generates the same number of identifying restrictions, M, as a smaller set of positive off-diagonal elements in WP.

© 2018 The Department of Economics, University of Oxford and John Wiley & Sons Ltd
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Spatially decentralized budgeting as a source of parameter identification

The assumption of weak separability of the social welfare function with respect to the
spatially defined good Hkl is sufficient to generate spatially decentralized budgeting, an
allocation process that yields restrictions sufficient for identification. The separability re-
striction says that the marginal rates of substitution between the human capital of any
two sub-districts are independent of the human capital of all other sub-districts in other
districts, which justifies treating the spatially lower stage of the social planner’s choices
separately from decisions about how much budget to allocate at the spatially higher stage.
As in the case of consumer demand theory, the spatial allocation process with separability
can be conceptualized as a two-stage budgeting process in which budget allocations are
made to districts and then, conditional only on the budget available to the district to which
a sub-district belongs, allocations are made to each sub-district. Local units of government
are likely to be better informed about the distribution of human capital outcomes and the
health environment, and so devolving decision-making to them may be efficient. Whether
or not decision-making is actually devolved to lower levels of government does not matter
for the estimation strategy, only that the social welfare function is weakly separable. More
generally one can think of the social planner as examining regions that do not necessarily
conform to administrative district borders. Regions to the social planner may be defined by
ethnicity or religion (e.g. Kurdish regions in Turkey and the Middle East), areas of poverty
(e.g. Appalachia and the Rust Belt in the US, the West Midlands in the UK, and western
areas of China), areas with security concerns, or areas defined by electoral politics. Simply
put, what is required is that the social planner’s programme allocation decision is spatially
informed – knowing the location of places matters in the allocation decision.

Consider multi-stage budgeting arising from separable preferences in which the central
planner allocates resources for the programme to districts, and the district social planner
allocates resources to sub-districts. The allocation of programme intensity to sub-district
(�, `) depends on two different own and cross-price influences by which sub-districts ‘com-
pete’ for resources from the central planner and the district planner. First, at the topmost
level of budgeting, the attributes of district ` are compared to all other districts 1 �= `.
Second, at the second-level of budgeting, the attributes of sub-district � in district ` are
compared to that of all other sub-districts in district `.14

To simplify the exposition, we re-write the spatial weight matrix associated with sub-
district (�, `) in terms of district-level sub-matrices W` that contains elements wk` of
sub-districts located within district `, so that W` = [0…W`… 0], where for all sub-districts
not in district ` the spatial weight elements are zero, and at least one element in W` in
non-zero.15 The linearized allocation equation with two-stage budgeting is

r�` =P�`�+W`P�` +WP�+ "�,` (6)

14
The social welfare function used above to motivate the exclusion restrictions arising from multi-stage budgeting

posits an apparently benevolent social planner who derives welfare from the well-being of citizens. This assumption is
not necessary to generate the exclusion restrictions. The social planner can be motivated by electoral or other political
considerations such as regional harmony. All that is required is that the informational complexity of weighting
the political characteristics of all individuals requires some level of spatial aggregation consistent with multi-stage
budgeting.

15
The spatial weights for any sub-district in district ` in spatial weight matrix W` need not be the same as the

weights for that same sub-district in spatial weight matrix W.
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where the termWP� corresponds to the first stage of budgeting that allocates the programme
to districts all over the country, and the term W`P�` corresponds to the second stage of
budgeting that allocates the programme to sub-districts within a district. Specification (6)
is a generalization of specification (5) and was first introduced in the discussion of Case II
identification above, in that it allows the spatial weights to be partly determined by the data
in the regressions.16 In particular, if �` =0 then (6) collapses to equation (5). In addition, it
does not require strong assumptions about W in order to conform to restriction B above that
requires that weights vary across space. In equation (6), weights need not vary either in W
or in W`, reflecting an agnostic view of spatial competition for public resources within the
two-stage budgeting framework. More precisely, both the national- and district-level social
planner’s decisions can be spatially uninformed so that WP is equal to the (unweighted)
mean of district attributes P, and W`P is equal to the (unweighted) mean of all attributes P
in district `, that is, all weights are equal.

To be clear, equation (6) generalizes the first-stage equation (5) only by allowing more
than two stages of budgeting (e.g. allocations to provinces, then allocations to districts
within a province, then allocations to sub-districts of a district, etc.). Its structure here only
arises from the assumption of a weakly separable social welfare function and not from any
type of model of strategic interaction among government units such as those surveyed in
Brueckner (2003). Below we will also consider models in which the attributes of other
places affect the outcomes Hjkl and/or the placement of programmes r�` through strategic
interaction among units or benefit ‘spillovers’. It is those models that pose a direct threat
to identification.

Under fairly general conditions, consistent estimates of programme effects can be
obtained even if the spatial weights are not those actually used by social planners. This is
because consistent estimation of linear two-stage least squares models only requires that
the first-stage be a linear combination of the exogenous variables. If the strictly exogenous
variables Pk′l(k

′ �=k) are uncorrelated with (�kl +�jkl), the errors of the second-stage equa-
tion (1), then any linear combination of the strictly exogenous variables is still uncorrelated.
Choosing a sub-optimal W or W` matrix only affects the efficiency of the estimation, not
its consistency, as long as the linear combination is not made ‘weak’ by the weighting.
Consequently, the two-stage budgeting assumption does not require that the investigator
be further informed a priori about the spatial preferences of the planners to consistently
identify programme effect parameters.

It is not even required that that the two-stage budgeting assumption be true in order
to obtain consistent estimation of the model given by equations (1) and (6). If there is
a single social planner who allocates programmes to every spatial level throughout the
country in a single-stage, and if that social planners decision-making process were spatially
uninformed so that requirement B does not hold, consistent estimates of programme effects

16
Letting the data determine the weight is akin to restricting the lag length so that it is less than the time dimension

of the data in time-series models and then estimating the lag parameters freely or with some smoothing restrictions.
Several selection criteria have been used to determine time lag length the most common of which are the Akaike
information criterion (AIC) and the Schwarz’ Bayesian information criterion. As in time-series estimation, all the
elements of W and Wh cannot be treated as parameters to be estimated (along with � and �) in the spatial-x model
given by equations (1) and (5) because the number of unique elements is so large.

© 2018 The Department of Economics, University of Oxford and John Wiley & Sons Ltd
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may obtain by arbitrarily choosing the elements of W so that they vary, which is sufficient
for requirement B, and that the weighted-average instrument that is obtained in not weak.

Consider the limiting case were the number of instruments equals the number of ob-
servations which number KL. Then the first-stage equation (5) predicts the programme
placement variable perfectly, and instrumental variables estimation accomplishes nothing
as the second-stage equation (1) in this case is the same as OLS. As the number of instru-
ments approaches the sample size, the 2SLS estimator tends towards the OLS estimator,
which is expected to be biased, so that the 2SLS estimator may also have a serious finite
sample bias if too many instruments are used relative to the sample size – even though all the
instruments are valid. There is also the distinct problem of weak instruments where finite
sample bias arises even if there are few instruments but those instruments provide very lit-
tle (additional) information about endogenous programmes. Using many instruments may
improve the efficiency of estimators asymptotically, but the bias might be large in finite
samples making inference inaccurate. Our spatial case has the feature that the number of
instruments grows at a faster rate than the number of observations.17 The spatially weakly
separable social welfare function provides a theoretical structure for a spatially informed
W matrix, the source of parameter identification that is less likely to suffer from the weak
instruments bias problem associated with arbitrarily setting elements of W to zero. This
is demonstrated in the empirical work reported below that compares spatially uninformed
estimates with those informed by spatially weak separability.

Spatial network effects: theoretical threat to instrument validity

The validity of using the exogenous attributes of other locales as instruments for a sub-
district under Case I identification requires that they not directly affect human capital
outcomes in that sub-district. However, it is possible that human capital in a sub-district,
Hjkl, is determined not only by the characteristics of that sub-district, Pkl, but also by the
characteristics of the neighbouring sub-districts arising from spatial spillovers of some
kind. This generates spatial network effects of the form given by (1) with �2 �= 0. In this
case, the instrumental variable model is not identified if Wh and W exactly coincide (Case II
identification).18 However, the model given by (1) and (6) based upon more than two stages
of budgeting is sufficient to identify this model. Furthermore, the more restrictive models
(1) and (5) can be identified if some elements of W are non-zero when the same elements
of Wh are zero. There is a theoretical and empirical argument why this may be so. A
household’s cost of acquiring information is increasing with distance from the source. In
a variety of empirical applications, demand-side network effects have been found to be
stronger for closer neighbours than those residing further away, presumably reflecting a
cost of acquiring information that is increasing with distance. However, for a social planner
basing decisions on district-level data provided by ministries or the statistical bureau, there
is no obvious reason why distance from the national capital or provincial capitals alters

17
The number of unique elements in W is (KL2 −KL)/ 2 and thus increases at a quadratic rate.

18
In addition, the error terms �kl and �jkl need to be re-defined to include the unobserved attributes of other places

because if the observed exogenous variables of other places effect outcomes, then the unobserved exogenous variables
will as well. New notation for the errors is not introduced here in order to avoid clutter. Spatially correlated errors
are specifically allowed for in the empirical application.
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access to information in the same manner. All of which suggests that Wh contains non-zero
elements for nearby locations and that W contains fewer non-zero elements than Wh. It is
on this basis that models with spatial network effect are identified below.

In the empirical example reported below, we allow for a non-zero Wh matrix that
allows for spatial network effects between (i) contiguous sub-district neighbours and (ii)
sub-districts located in a neighbouring district and are thus one step further spatially distant.
Correspondingly, we allow for the W matrix to also contain non-zero elements for varying
levels of spatial distance and use the estimates to test for spatial network effects and the
efficacy of our identification strategy.19

Finally, we have specified linear models above since doing so requires us to be explicit
about the restrictions on W and Wh (and � and �2) required to identify programme effects. If,
however, WP� were replaced by g(WP)� where g() is a nonlinear function, then the model
could be identified solely on the basis of this nonlinearity even if none of the restrictions
on W and Wh required in a linear model were satisfied. Pörtner, Beegle and Christiaensen
(2014) in an extension and application to an earlier version of this paper suggested that a
reasonable nonlinear transformation of WP is ordinal rankings. By using ranks within a
country, one can dispense with a spatial weighting matrix W altogether when the human
capital demand equation is linear. However, using ranks implies, among other things, that
programme allocations are unchanged if the underlying P rises for the highest rank sub-
district and falls for the lowest rank sub-district. Yet, transformation into ranks seems a
much more reasonable nonlinear transformation than any other that comes to mind. Below,
we provide some evidence that instruments based on rank fit the data less well than our
approach but yield essentially the same results qualitatively.

Identification using own sub-district attributes only: the Hausman–Taylor model

In the models introduced above, the attributes of a subset of other sub-districts are the exclu-
sion restrictions that identify the impacts of non-randomly allocated public programmes.
Another related set of spatially defined exclusion restrictions arise if data on individual-
level programme outcomes and household- and individual-level exogenous attributes that
affect those outcomes are available. The assumption is that it is only the sub-district means
of the household-level attributes (parental schooling and age, religion, languages spoken)
that form a sub-matrix of Pkl that affect the placement of programmes. Quite sensibly, this
assumes that programme placement is not attentive to the individual household values of
these variables. This Hausman and Taylor (1981) assumption (which we present for the
sake of completeness despite our belief that it is overly restrictive) generates an extra set of
exclusion restrictions. Using our notation, consider the determinants of programmes avail-
able to household i in sub-district (�, `) as a linear function of all of the household-specific
exogenous variables Pi�`, and all of the exogenous variables of all other households in the

19
We explicitly test for spatial network effects using distant non-neighbours across all the outcomes we consider,

and address sorting (based on migration) directly. Further, we present several tests for instrument validity including a
model under-identification test, C or GMM distance test, Kleibergen-Paap, and Hansen’s J -test for over-identification.
The results of these tests indicate that the terms in WP in equation (5) provide valid exclusion restrictions, although,
as we discuss, validity of our instruments does not work as well in some contexts.
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country Pi.20 The reduced-form linear programme allocation equation is

ri�` = r�`I�` =Pi�`�+WiPi�+ "i,�,` (7)

where I�` is a vector of ones with length equal to N, the number of households in dis-
trict (�, `). Wi is a vector of household-specific spatial weights and takes the form Wi =
[0 · · ·W i

�,` · · ·0], that is, the only non-zero elements in Wi correspond to households that
reside in sub-district (�, `). If, as assumed, the social planner is only attentive to the sub-
district means (or higher moments) of the household-specific exogenous variables rather
than to those of specific households, then �=0. If all the non-zero elements w�` take the
same value, we have the Hausman and Taylor (1981) model of identification with panel
data in which the sub-district means of exogenous variables that vary within a sub-district
are instruments for endogenous variables that do not vary within a district.21 Implicit in
the Hausman–Taylor model in this context is a social planner who allocates programme
resources to a place (sub-district) based only on the attributes of that place without re-
gard to the attributes of other places, that is, there are no cross-sub-district effects. This
is consistent with a planner without a budget constraint who allocates resources until the
point at which a social rate of return criterion is met. Hypothetically, the government has
no liquidity constraints – it can borrow for all programme investments that yield at least
some social rate of return.22 These may seem like strong restrictions but, on the other hand,
Hausman–Taylor spatial weights do not require multi-stage budgeting assumptions.

In the case of Hausman–Taylor (H–T) identification, the assumption required is that of
independence of individual-level human capital levels and the attributes of one’s neighbours
in the sub-district. For example, it requires that the age and schooling of a child’s parents
influence that child’s human capital, but not the human capital of other children in the same
sub-district conditional on public programmes. In the case of schooling, if labour markets
are spatially separated and spatial mobility is costly, then the characteristics of parents
affect wages and the return to those investments in the sub-district, violating the assumption
above. There are other scenarios under which the spatial independence assumption is not
valid. If there are neighbourhood externalities to health such as in the case of de-worming
(Miguel and Kremer, 2004), then spatial independence may not hold. If there are peer group
effects or other types of non-independent preferences within spatially defined areas, then

20
Not all the exogenous variables affecting human capital outcomes are household-specific. All that is required is

that some of them (such as parental age and education, exogenous components of wealth (land), and religion) are, and
they are sufficient in number to satisfy the rank and order conditions for identification. We do not distinguish between
columns of Pi�` that are household-invariant from those that are household-varying simply to reduce notational clutter.

21
The instruments need not be the sub-district means of Pi�`. If the spatial weights W i

�,` vary across households,
then the sub-district weighted average of Pi�` are the instruments.

22
This is very much like Becker’s efficient schooling hypothesis which holds that liquidity unconstrained parents

who care about the earnings of their children when they are adults will invest in the human capital of each child
based solely on a rate of return criterion without respect to the different abilities of their children who otherwise
‘compete’ for parental resources. With efficient schooling there are no cross-child effects – the innate intellectual
ability of one sibling has no effect on the parental schooling investment in the other. Similarly, the Hausman–Taylor
assumptions correspond to a program allocation model characterized by ‘efficient program allocation’ as there are
no cross-district effects. It also implies that the social welfare function (3) is additive in the sub-utility functions. The
‘efficient program allocation model’ like the efficient schooling model has testable implications (no cross-effects)
that we examine below.
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spatial independence will also not hold. We test and reject the validity of the Hausman–
Taylor estimator as applied to our data below.

Sources of identification summarized

To summarize, a model of the placement of spatially sited public programmes affecting
human capital in which the social planner’s welfare function is defined over the human
capital outcomes of all spatially defined districts, yields identifying instrumental variables
(exclusion restrictions) of the following types:

A. Spatially informed programme allocation. A spatially weakly separable social wel-
fare function (two-stage budgeting) is sufficient but not necessary for spatially
informed programme allocation in which sub-districts ‘compete’ with each other
for resources. In this case, strictly exogenous variables that vary across spatially
defined sub-districts, such as within-sub-district means of household-level vari-
ables (such as parental age and schooling), as well as sub-district level attributes
(climate, topography, geology, prices) of other sub-districts are potentially available
as instruments for programmes in any particular sub-district.

B. Hausman–Taylor identification. Programme allocation can be spatially uninformed
but requires household-level data for estimation. Sub-district means of the
household-specific determinants of human capital that vary within sub-districts
can serve as instruments for programme availability in the same sub-district un-
der the assumption that the mean of these characteristics is uncorrelated with the
unobserved sub-district level effect.

III. Issues in empirical implementation

The spatially decentralized budgeting model that we propose means that, to paraphrase
the terminology of Conley and Ligon (2002), political economic distance matters. What
characterizes the economic distance relevant to programme placement is not obvious. The
two-stage budgeting example discretizes economic distance by characterizing it as whether
administrative sub-districts (�, `) and (�′, `′) are both contained within the same district
(`=`′). This notion is more appropriate to formally decentralized programme allocation in
which decision-making is partly or wholly devolved to sequentially lower units of govern-
ment than to a single social planner, as it is in Indonesia. The use of membership of a place
(sub-district) in a district as the measure of economic distance has the implication that two
places that are spatially contiguous but in different districts (they straddle the district bor-
der) are as economically distant as places at the opposite ends of a country. Other general
metrics include physical distance or even travel time distance. In the empirical example
using data from Indonesia presented below, we construct three measures of economic dis-
tance: one based on spatial proximity, one based on shared district status, and one based on
contiguity to a shared district. In the neighbours measure, sub-districts that are contiguous
are considered ‘spatially proximate’ irrespective of their district. In the second measure
labelled non-neighbours, membership in a common district is what matters. In the case
of neighbouring districts (contiguity), some but not all of the other sub-districts in district

© 2018 The Department of Economics, University of Oxford and John Wiley & Sons Ltd
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` are likely to be contiguous with (�, `), and sub-districts outside of district ` may be con-
tiguous with (�, `). The idea is that competition for public programmes with neighbouring
sub-districts with which a sub-district shares programme effects across a common border
may differ from competition with non-neighbouring sub-districts with which, by dint of
membership in a larger political unit, it shares an allocation for a programme to be spatially
distributed by the district social planner. To avoid overlap and for other reasons discussed
below, the non-neighbours designation refers to sub-districts in the same district as (�, `)
that are not neighbours with it. Thus, the union of neighbours and non-neighbours is all
other sub-districts in district � except (�, `), plus any sub-districts contiguous to (�, `) that
are not in district `. For the third measure, labelled distant non-neighbours, what matters
is membership in a district (rather than sub-district) that is contiguous to the district ` in
which sub district (�, `) belongs.

An additional consideration arises if the benefits of public programmes can spillover
the boundaries of spatially defined sub-districts. In principle, programmes can serve clients
from a catchment area larger than a single sub-district. Given an existing spatial distribution
of hospitals or secondary schools, for example, the social planner may be less likely to invest
in a new facility in a particular district if that district is already served by similar facilities in
nearby districts. If a facility like a hospital or secondary school can serve a group of spatially
proximate sub-districts, its location depends on the attributes of those spatially proximate
districts differently than it does on less proximate districts. Consequently, the attributes
of neighbouring districts may have an especially large effect on whether a programme is
sited in a particular district. More importantly, it calls into question whether the exogenous
characteristics of neighbours still satisfy the exclusion restrictions in the estimation of the
human capital equation (1).This is the spatial network effects issue discussed earlier.We use
the exogenous characteristics of non-neighbours and distant non-neighbours as additional
instruments sets to (i) test for the orthogonality of neighbours and non-neighbourswith
respect to the unobserved components of equation (1), and (ii) estimate and test models
with spatial network effects.

A common approach to estimating a policy response function such as (1) is to condition
on a single policy, for example, increasing the spatial coverage of a single programme rkl

from the set of programmes Rkl. This single-programme policy response function provides
the effect of increasing the single programme’s ‘intensity’ (say schools) on the outcome
of interest (school enrolment). However, it is clear that in general, the spatially defined
instruments (including those of the Hausman–Taylor type) may affect the social planner’s
allocation of the full set of programmes Rkl, and that the spatial allocation of programmes
may be correlated.23 If these other programmes also affect the outcome of interest, for
example family planning and public health programmes may affect schooling of children
in a model of child quantity and quality, then the orthogonality conditions underlying the
instruments will not hold. Consequently, our approach may only be valid when estimating
a complete set of programmes. This is testable with the data as long as a sufficiently large
set of instruments are available, and we report these tests below.

23
Pair-wise correlation coefficients for the four government programs in our data are consistently large, positive

and significant at the 5% level.
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In most of the programme evaluation literature it is assumed that treatments received by
one household do not affect outcomes for other households. In the statistics literature this
assumption is referred to as the Stable-Unit-Treatment-Value-Assumption (SUTVA, Rubin,
1978). We do not make that assumption here. Except for the Hausman–Taylor model that we
test and reject below, we allow for unlimited interactions to occur among households within
the broader group contained within the sub-district (average size of 87,000 individuals).
We also allow spatial spillovers by including spatial lags in the sub-district attributes Pkl.
However, we do not include spatial lags in the treatment effects (rkl) themselves. Thus, the
estimated treatment parameter � can be interpreted as a local ‘intention-to-treat effect’,
one of the most common parameters estimated in the programme evaluation literature.
Notice that in many settings, the most relevant policy decision is whether or not to provide
individuals with access to treatment. Spatial lags in treatment effects are smaller the more
community-based are the programmes and the larger is the size of the spatial unit of
observation. In Indonesia, few individuals would seek care from health centres or family
planning clinics outside of their sub-district, although that may be the case for hospitals
or specialized care facilities, programmes that we do not study. Similarly for primary and
secondary schools as compared to universities or technical institutes.

Finally, the spatial decision-making process that we propose implies that unobserved
attributes that affect human capital outcomes and spatially sited public programmes are
likely to be correlated across space (errors are correlated across space); our standard errors
account for this non-independence by estimating random effects (also called variance
components) models with unrestricted correlation between sub-districts in a district.

IV. Data and variable construction

We use data from Indonesia to illustrate our method.Although the assumptions of the model
are not specific to Indonesia or to developing countries in general, it simplifies consideration
of the spatial allocation process to think of it as one in which larger administrative districts
allocate a budget to smaller districts. Although the model requires only that the social
planner’s allocation decision be spatially informed, the federal administrative structure in
Indonesia in which a central budget is first divided among provinces, and then between
districts and sub-districts at increasing levels of decentralization, is a framework that lends
itself naturally to the logic of our model and provides an intuitively meaningful setting for
our method.

The 1945 Constitution of the Republic of Indonesia authorized broad autonomy for
regional governments to regulate and administer their own affairs. This regional autonomy
was further bolstered by Law Number 1 of 1957 and Presidential Decree Number 6 of 1959,
and then was strengthened by Law Number 5 of 1974 that formally specified the involve-
ment of decentralized bodies of government in the provision of public services (Smoke and
Lewis, 1996). In order to capture dynamics at a point in time that is close to the passage
of the 1974 law, and that coincides with the timing of the decennial Census, we use data
from 1980. Furthermore, the redrawing of district and sub-district boundaries subsequent
to 1980 confounds the link between households and spatially sited public programmes.
More specifically, we use data from two sources in this study: the 1980 Potensi Desa (Vil-
lage Potential) survey of Indonesia (PODES) and the 1980 Sensus Penduduk (Population
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TABLE 1

Means and standard deviations for the endogenous variables

Variables

Outcomes
Current school enrolment for girls ages 0.593
10–18 years (0.196)

N = 2,921
Current school enrolment for boys ages 0.659
10–18 years (0.178)

N = 2,919
Whether last child’s year of birth lies between 0.689
1978 and 1980 for women ages 21–30 years (0.163)

N = 2,914
Whether any contraceptives are currently being 0.280
used by women ages 21–30 years (0.244)

N = 3,033
Programmes
Proportion of households in villages

with grade schools 0.774
(0.279)

N = 2,921
with PUSKESMAS clinics 0.245

(0.196)
N = 2,921

with family planning clinics 0.486
(0.335)

N = 2,921
with junior or secondary schools 0.394

(0.388)
N = 2,921

Note: Standard deviations in parentheses. ‘N ’ denotes the number
of sub-district observations.

Census) of Indonesia. The 1980 PODES data provide information at the village level on
the government programmes that are studied: health clinics (PUSKESMAS24), family plan-
ning clinics, and grade and secondary schools. Information on area-specific geographical
characteristics such as the occurrences of natural shocks (droughts, floods, earthquakes and
other shocks) in the last 5 years, and other information such as distance from the coast and
proportion of households in urban areas, is also reported. It is important to note that these
natural shocks are typically not catastrophic events. For example, Indonesia experiences
many earthquakes annually that result in little more than collapsed bridges and ruptured
irrigation dikes.25 Approximately 62,000 villages (desa), almost all of the villages of In-
donesia, are covered by the 1980 PODES data which was carried out in conjunction with
the 1980 Population Census.

24
PUSat KESehatan MASyarakat – literally, Peoples Health Centers.

25
The earthquake and tsunami of 26 December 2004 is an outlier, since it is the only instance when deaths from a

natural event in Indonesia exceeded the approximate 10,000 mark, a level that was previously set for the country in
1815.
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The 1980 long-form Census data sample provide detailed individual-level information
on the outcomes: current school enrolment for girls and boys, and women’s birth histories
and contraceptive use. Data are also provided on other individual and household charac-
teristics such as age and schooling attainment of household heads and spouses, as well as
area of land owned by the household, indicators for whether the household owns its own
home, religion of the household and language of the household head. The sub-district level
data were constructed by merging the information on programmes and other geo-physical
variables from the 1980 PODES data with the 1980 Indonesian census data aggregated to
the kecamatan level.26 For each outcome, we have a random sub-sample of between 80,000
and 95,000 individuals who are ‘at risk’ for the outcome. Our sample consists of 82,891
girls aged 10–18 years, 82,889 boys aged 10–18 years, 87,655 women of ages 21–30 with
fertility histories, and 95,372 women of ages 21–30 with recent contraception data.

Table 1 presents the means and standard deviations for each of the four outcomes
analysed in this study. The outcomes studied are current school enrolment rates of girls
and boys ages 10–18 years, whether last child’s year of birth lies in the previous 2 years
(between 1978 and 1980) for women between the ages of 21 and 30, and whether any
contraceptives are currently being used by women ages 21–30. Table 1 shows that current
school enrolment rates range from 59% for girls to 66% for boys. Fertility is relatively high
at 69%. In keeping with this, contraceptive prevalence among women in this age group is
relatively low at 28%. The samples that are used to study these outcomes include data from
approximately 3,000 sub-districts in Indonesia. Table 1 also presents summary statistics
for four government programmes. Approximately 77% of households reside in desa in
which there is a grade school, and about 40% live in village with a junior or secondary
school. Coverage of PUSKESMAS health clinics is about 25%, and the coverage of family
planning clinics is approximately 49%.

The strictly exogenous variables are classified as follows:

1. Variables describing sub-district (�, `) that vary across but not within sub-districts
(these are the Pkl from the theory). These describe the physical and economic envi-
ronment of a sub-district and include measures of the recent (5-year) occurrence of
a natural shock (droughts, floods, earthquakes and other natural shocks), whether the
sub-district is located on an ocean coast, and the proportion of households in villages
of the sub-districts that are urban. The exclusion restrictions based upon multi-stage
budgeting are that the sub-district means of these variables in competing sub-districts
influence programme placement in a particular sub-district, but not human capital out-
comes in that sub-district conditional on programme placement. There are six such
variables.

2. Variables that vary within sub-districts (these are the Pjkl from the theory). These are
the household and individual variables that are determinants of the individual human
capital outcomes, including parental age and schooling, area of land owned, religion,
and the language of the household head, plus interactions of some of these variables
with the proportion of the sub-district population that is urban. These variables are
included in all regressions, although their estimated parameters are not reported in the

26
It is not possible to link village data from the PODES dataset to household-level data from the Population Census

at the desa level, we link instead at the sub-district level.
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tables. Interactions of all the (level) exogenous variables and the urban variable are also
included. Interactions are not used as instruments. There are 21 such variables.

3. Hausman–Taylor identifying instruments. These are the sub-district means of the indi-
vidual exogenous variables of #2 above. The underlying individual-level variables are
presumed to affect individual human capital outcomes but the sub-district means of
these household-level variables are assumed to influence only programme placement
in a sub-district. There are 21 such variables.

4. Neighbour instruments. These are the means of the variables of #1 and #3 taken over
the sub-districts that are spatially contiguous to sub-district (�, `), excluding the urban
interactions. For each sub-district, we determine neighbours that share a geographical
boundary using detailed province-level maps of Indonesia. There are at most 14 neigh-
bouring sub-districts in the data, although most sub-districts in the data have many
fewer neighbours. There are 12 such variables.

5. Non-neighbour instruments. These are the means of the variables of #1 and #3 taken
over the sub-districts that are in the same district (district `) as sub-district (�, `) but are
not spatially contiguous to sub-district (�, `), excluding the urban interactions. There
are approximately 300 kabupaten in the data. There are 12 such variables.

6. Distant non-neighbour instruments. These are the means of the variables of #1 and #3
taken over the sub-districts that are in all districts contiguous to (district `), excluding
the urban interactions. Instrument sets #4, #5, and #6 arise from the weak separability
of the social welfare function. There are 12 such variables.

Table 2 reports descriptive statistics for the strictly exogenous individual and household
characteristics, as well as the interactions of these characteristics with proportion of house-
holds in the sub-district located in an urban zone as defined by the Population Census, plus
the standard deviations for all variables that make up the neighbour and non-neighbour
instrument set. In principle, higher moments of the distribution of sub-district character-
istics, or other measures of central tendency such as medians, could be used in the spatial
aggregations. Means are what are reported in the statistical reports of the Indonesian Cen-
tral Bureau of Statistics and of government ministries and thus are particularly relevant.
Table 2 also presents descriptive statistics for environmental variables that are measured at
the sub-district level. From this table, about 13% of households are in urban areas, and the
proportion of households that have experienced natural shocks such as droughts, floods,
or other events, ranges between 9% and 26%.

V. Results

We start by estimating models that treat programme placement as exogenous (OLS) using
the individual data. If maximizing returns on a per-programme basis underlies the geo-
graphic distribution of public funds, OLS will underestimate impacts. This is evident from
the discussion and results in Pitt, Rosenzweig and Gibbons (1993) who studied the same
programmes using fixed effect methods, and can be clearly seen on comparing the size of the
OLS coefficients in Table 3 with the magnitude of the preferred estimates in Tables 4 and 5.

Hausman–Taylor regression models using the individual-level data for all four outcomes
are presented in Online Appendix Table S1. The Hansen J -test statistics imply that the tests
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TABLE 3

Models with exogenous programmes

Current school Current school Whether last Whether any
enrolment for enrolment for child’s year of contraceptives are
girls ages boys ages birth lies currently being
10–18 10–18 between 1978 used by women

and 1980 for ages 21–30
women ages
21–30

Proportion of households in villages
with grade schools 0.042*** 0.031** −0.047*** 0.085***

(0.016) (0.015) (0.016) (0.023)
with junior or secondary schools 0.096*** 0.103*** 0.010 −0.022

(0.025) (0.024) (0.022) (0.032)
with PUSKESMAS clinics −0.022 −0.027 −0.038** −0.017

(0.018) (0.017) (0.016) (0.023)
with family planning clinics 0.005 −0.012 −0.017 0.090***

(0.012) (0.011) (0.011) (0.016)
Observations (individuals) 82,891 82,889 87,655 95,372
Number of sub-districts 2,921 2,919 2,914 3,033

Notes: Random effect estimates. P-values in square brackets. ***Denotes significance at the 1% level,
**denotes significance at the 5% level, and *denotes significance at the 10% level.

of overidentifying restrictions reject their null (at the 0.05 level) in every case and give
us no confidence that the Hausman–Taylor instrument set is appropriate.27 To summarize,
the results suggest that additional secondary schools increase school enrolment, additional
public health clinics reduce school enrolment and increase fertility, additional primary
schools reduce fertility and increase contraceptive use, and additional family planning
clinics reduce contraception. This pattern of programme effects is qualitatively similar to
the OLS estimates except for opposite signs for the effect of family planning clinics on
contraceptive use.

Tables 4 and 5 present the preferred estimates with spatial instruments.28 The
Kleibergen–Paap rk LM statistic for model under-identification is reported in Online
Appendix Table S2. The P-values strongly reject the null that the first stage matrix of re-
duced form coefficients is under-identified when the identifying instruments are neighbours
and non-neighbours.29 Column (1) of Table 4 uses the neighbour sub-district instruments

27
In addition to the strong assumptions it imposes, the failure of the Hausman–Taylor instruments may reflect a

Tiebout (1956) type of world in which households sort themselves spatially among communities offering different
mixes of public services and other attributes.

28
The parameters on programs and their standard errors, as well as the Hansen–Sargan J -tests, are invariant to

whether individual-level data or sub-district level data are used because the programs vary at the sub-district level.
Test statistics from GMM with standard errors that are clustered at the district level are reported in Tables 4 and 5.
These ‘cluster-robust’ standard errors originally proposed by White (1984, pp. 134–142) do not require specification
of a model for within-cluster error correlation, but do require the additional assumption that the number of clusters,
rather than just the number of observations, goes to infinity. As Cameron and Miller (2015) point out this method
extends naturally to the IV estimator and is closely related to spatial-robust variance matrix estimates.

29
Since the government is assumed to spend a predetermined budget on schools and health programmes in a

year, the theoretical model developed above is static. However, the PODES 80 data have information on all existing
programmes, some of which may be been built long before and others that are more recent. Lacking details on year of
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and conditions only on school availability in the determination of girls’ school enrolment.
Column (2) adds family planning clinics and PUSKESMAS to the specification. Hansen’s
J -test fails to reject the null hypothesis in either specification at the 0.05 level (P=0.41 and
P=0.25 respectively), providing some confidence in the validity of this instrument set. As
this is a linear probability model, a 1% point increase in secondary school availability is
estimated to increase school enrolment rate of girls ages 10–18 by 0.39 percentage points
in the model with all four programmes, which is four times larger than the exogenous
programme estimate reported in Table 3.30

In column (3) of Table 4, the neighbour instrument set is augmented with the non-
neighbour instrument set. A C or GMM distance test (Baum and Schaffer, 2007) is used to
test the validity of the neighbour orthogonality conditions that underlie the random effects
IV estimator of columns (1) and (2). The null hypothesis that the orthogonality conditions
associated with the neighbour instrument set is satisfied cannot be rejected in the model
with all four programmes in column (3) (P=0.11). In addition, we estimate an LM version
of the Kleibergen–Paap rk test (Kleibergen and Schaffer, 2007) of the redundancy of the
non-neighbour instrument set. The null hypothesis that the non-neighbour instrument set
is redundant when added to the neighbour instrument set is clearly rejected in column
(3) (P = 0.00). The J -test of overidentification cannot reject the null hypothesis with the
augmented instrument set of column (3) as was the case with neighbours as the only source
of instruments.31

Having a set of instruments for more distant sub-districts than neighbours allows for
not only the orthogonality and redundancy tests of column (3) but also for spatial network
effects in which the attributes of neighbour sub-districts may directly affects outcomes.
Estimates from this spatial network model are presented in column (4) in which the ex-
ogenous attributes of neighbours are now included in the second-stage equation. A test
that the set of neighbour attributes are jointly equal to zero cannot be rejected (P = 0.09)
indicating that neighbour spatial network effects are not important in the determination of
girls schooling. This test, along with the orthogonality and redundancy tests, support the
use of neighbour attributes as instruments and underlines the credibility of the estimates
in column (3).

initiation of programmes, we use all the data available. The results of the diagnostic tests for the first stage in Online
Appendix Table S2 are reassuring in that they show that the strength of the first stage is little affected by this. Further,
following the theoretical structure underlying dynamic panel data models with lagged-dependent variables outlined
in Holtz-Eakin, Newey and Rosen (1988) and Arellano and Bond (1991), the IV framework is still appropriate when
data on all existing programs is used, assuming there is no correlation in errors (which we take into account).

30
The parameter associated with secondary schools is 18% larger in the model that conditions on all four pro-

grammes than the model that conditions only on schools, but it corresponds to a different policy experiment. In
the schools only model, the secondary school parameter measures the marginal effect of secondary school provi-
sion conditional only on primary schools. In the model with all four programmes, the secondary school parameter
measures the marginal effect of secondary school provision conditional on all three other programmes fixed. The
spatial covariation of programmes in conjunction with the impact of non-school programmes on school enrolment
can account for the different parameters in these two different conditional demand equations.

31
The robustness of results in Table 4 and Table 5 below were tested with a reduced instrument set that excluded

parental age and natural shock variables. Dropping these instruments ameliorates concerns that (i) parents who care
more about their children’s welfare may postpone having children until they are older and have more resources (parental
age is endogenous), and (ii) shocks in other sub-districts may affect human capital in a particular neighbouring sub-
district through temporary migration (refugees) or variations in prices. Re-estimation with the reduced instrument
does not alter results (available on request).
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Column (5) of Table 4 uses the neighbour sub-district instruments and conditions
on only school availability in the determination of boys’ school enrolment. As for girls’
schooling, column (6) adds family planning clinics and PUSKESMAS to the specification.
Once more Hansen’s J -test fails to reject the null hypothesis in either specification at the
0.05 level (with P = 0.27 and P = 0.15, respectively) providing some confidence in the
validity of this instrument set. As with girls’ schooling, augmenting the instrument set
with non-neighbours (column 7) permits the test of redundancy of the non-neighbours
instrument set (rejected) and orthogonality of the neighbour instrument (not rejected) in a
model for which the overall J -test is not rejected. A 1% point increase in secondary school
availability is estimated to increase the school enrolment rate of boys ages 10–18 by 0.26
percentage points in column (6).

The test for spatial network effects reported in column (8) of Table 4 rejects the null
hypothesis that the attributes of neighbouring sub-districts do not affect boys schooling
(P = 0.00), thus calling into doubt the use of neighbouring sub-districts as instruments.32

Note, however, that the parameter estimates of column (8) are only little different from
those reported in column (7) in which neighbouring sub-districts are identifying instru-
ments. The empirical issue now is whether the non-neighbour instruments of column (8)
also directly affect boys’ schooling and are thus also questionable. The estimates of col-
umn (9) use distant non-neighbours as instruments and control for both neighbour and
non-neighbour attributes in the second-stage equation. Here the null hypothesis that the
attributes of neighbouring and non-neighbouring sub-districts do not affect boys’schooling
is rejected (P=0.00), casting into doubt these variables as valid instruments. The param-
eter estimates are qualitatively the same as for the previous model (column 8) in which
non-neighbour attributes are the instruments, and virtually the same as those of column
(6) in which neighbour attributes are instruments. The model under-identification test (not
shown in table) rejects weak identification at better than the 0.01 level in spite of the use
of only distant non-neighbours as instruments. This suggests that there may be room to
find instruments that are even further distant than our distant non-neighbours. The boys’
schooling estimates illustrate an empirical strategy of using increasing spatial lags as in-
struments while including less distant lags in the second-stage equation to allow for spatial
network effects at varying distances. For boys’ schooling, network effects are found even
two spatial lags away. In comparison, for girls’ schooling, network effects are not found
even one spatial lag away.

Table 5 presents instrumental variable estimates of recent fertility and contraceptive
use. Columns (1) and (6) estimate the effect of family planning programmes on these two
outcomes without conditioning on other programmes, as in the usual policy function. The
Hansen J -test rejects the null hypothesis for both fertility (P = 0.01) and contraceptive
use (P=0.00). As noted above, the ‘failure’ of these instruments when there is only a sin-
gle programme may result from incorrectly omitting the other programmes (schools and
PUSKESMAS health clinics) in the regression when they are part of the social planner’s
allocation problem, thus invalidating the instruments. The spatial instruments affect the

32
This test is in seeming contradiction to the orthogonality test. The orthogonality test, which is based on the

difference in the Hansen J -test statistics (‘C-test’), fails to reject the null hypothesis and yet when these instruments
are included in the second stage, which also constitutes a test of orthogonality, we reject that their parameters are
jointly zero. These tests can differ in finite samples due to differences in the underlying covariance estimators.
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allocation of all programmes, and these omitted programmes affect fertility and contra-
ceptive choice. Adding the other three programmes is sufficient to lead to non-rejection
for fertility (P = 0.10) but not for contraceptive use (P = 0.00) in columns (2) and (7) of
Table 5. The rejection of Hansen’s J -test of overidentification for contraceptive use appar-
ently reflects other issues, including spatial network effects, which are discussed below.

In the case of recent fertility, adding non-neighbours to the instrument list in column
(3) yields non-rejection of the orthogonality of neighbours (P=0.47) and the rejection of
redundancy of non-neighbours (P=0.00); however, the null hypothesis of the absence of
spatial network effects (the parameters on neighbours in the second stage regression) in
column (4) is rejected (P=0.00). The rejection calls into question the estimates of columns
(2) and (3) in the same way as for boys’schooling. The spatial network estimates of column
(4), which do not use neighbours as instruments, may be consistent if the spatial network
effect does not extend beyond neighbours. To explore that possibility, we make use of the
distant non-neighbour set of instruments to test whether the non-neighbour’s variables
are statistically unimportant in the second-stage equation. However, the model rejects this
null hypothesis (P = 0.00) suggesting that even non-neighbour attributes induce spatial
network effects in fertility. One could, of course, continue on this line of inquiry by using
as instruments regions even further distant from any sub-district and then stop once no
further additional spatial network effects are found. The parameter estimates in column (5)
are qualitatively the same as for the previous model (column 4) in which non-neighbour
attributes are the instruments, and virtually the same as those of column (3) in which
neighbour attributes are instruments.

For the determinants of contraceptive use, the Hansen J -test is rejected at the.05 level
in the first four models presented in Table 5 (columns 6–9). However, we cannot reject the
absence of spatial network effects from neighbouring sub-districts (P = 0.26) in column
(9). We extend the instrument set to include distant non-neighbour attributes in column
(10) and reject that (i) spatial network effects do not include non-neighbours (P = 0.00),
and (ii) the model is over-identified (P=0.09). In short, the spatial IV model seems to fail
in the case of contraception. However, the parameter estimates are qualitatively the same
as all the models that include the full set of four programmes.

In summary, the estimates imply that grade school availability has a statistically sig-
nificant and negative effect on fertility and a positive effect on contraceptive use, and that
the IV estimates of these effects are larger in absolute value than the OLS estimates in
Table 3. Family planning clinics are estimated to reduce fertility but have insignificant
positive effects on contraceptive use, while PUSKESMAS availability increases fertility
and reduces contraceptive use.

VI. Robustness checks

We present falsification tests to demonstrate the robustness of our results, and compare
our model in which the instruments are the levels of attributes of other sub-districts to
one in which the instruments are the ranks of other sub-district attributes among the set of
sub-districts belonging to a large administrative district. The falsification tests consider the
impact of the school and health programmes on alternate outcomes that include household
religion and male old-age mortality. The religion indicator denotes whether the house-
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hold religion is Islam, and there are few compelling reasons for why school and health
programmes should impact this variable. The P-values in the first two columns of Online
Appendix Table S3 confirm this. Next, using data from SUPAS 85 which provide infor-
mation on cause of death, we create an indicator for whether an individual over 60 years
who died was male.33 Conditional on having lived to this age, the gender of the person
who died is plausibly random. Further, this age cohort of individuals is unlikely to have
been affected by programmes established as of 1980 (their year of birth is 1925 or earlier).
The P-value in the last column of Online Appendix Table S3 is consistent with this – we
cannot reject the null hypothesis that the school and health programmes are jointly zero at
the conventional.05 level.

We also consider spatial sorting effects which, if found, may invalidate our instru-
ments. If individuals sort into areas based on characteristics such as amenities, services, or
public goods that are unobserved from our perspective, then the estimates may be biased
(Tiebout, 1956). To address sorting through selective migration, we re-estimate the girls’
schooling and fertility models including endogenous interactions of the school and health
programmes with two separate indicators of migration.The first measures whether duration
of residence in the current province is 1 year or less, while the second considers whether
the current province of residence is different from the province lived in 5 years ago. Online
Appendix Table S4 reports results from these interaction terms for girls’ schooling and
fertility. The null hypothesis that all of the interaction terms between migration status and
programme intensity are jointly zero cannot be rejected in all cases.

In section 2, we noted that if WP� were replaced by g(WP)� in equation (5), where
g() is a nonlinear function, then the model could be identified solely on the basis of this
nonlinearity even if none of the restrictions on W and Wh required in a linear model were
satisfied. As discussed above, Pörtner et al. (2014) suggests that a reasonable nonlinear
transformation of WP is ordinal rankings. Below we briefly summarize differences between
the ‘levels’model presented above and a model where the instruments are the ranks of sub-
districts within variously sized administrative jurisdictions – districts and provinces.

The estimates of the ranks model are provided in Online Appendix Tables S5 and S6.
In summary:

(i) The ranks model fit the data less well and the instruments are weak. For example
in the case of school enrolment, when rank within a kabupaten and rank within a
province are the instruments, they are statistically significant in the determination of
only one school programme (secondary schools). In contrast, when the identifying
instruments are level attributes of neighbours and non-neighbours, they are statis-
tically significant determinants of grade and secondary school public programmes
at or better than the 0.05 level.

(ii) When rank within a kabupaten and rank within a province are the instruments, the
models fails to pass the Hansen J -test for overidentification in three of four cases
at the 0.05 level. The levels model only fails this test for contraceptive use.

(iii) Qualitatively, the estimates based on levels and ranks are similar.

33
There is no kecamatan identifier in the SUPAS 85, so these data were matched to the 1980 Census data at the

kabupaten level. The estimations are at the kecamatan mean level, as before.
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VII. Summary and conclusion

This paper proposes an instrumental variable method for programme evaluation that re-
quires a single cross-section of data on the spatial intensity of programmes and outcomes.
The instruments are derived from a simple theoretical model of government decision-
making that requires that the government’s social welfare function is spatially weakly
separable, that is, the budgeting process behaves as if it is multi-stage. If the attributes of a
district rather than individual characteristics decide programme placement, and the means
(or higher moments) of outcomes for all ‘competing’ districts enter into the government’s
social welfare function, then the district means of individual and exogenous determinants
of these outcomes in other districts may be used as instruments.

The identification strategy proposed potentially has broad applicability to the evaluation
of public programmes when the data consist of spatial variation in programme intensity
coupled with measures of outcomes for individuals who are matched to places. The validity
of using the strictly exogenous attributes of other locales as instruments for a sub-district
requires that they not directly affect human capital outcomes in that sub-district. However,
it is possible that human capital in a sub-district is determined not only by the characteristics
of that sub-district but also by the characteristics of the neighbouring sub-districts. This
generates spatial network effects which confound the instrumental variable approach but do
not necessarily rule it out. What is required is that the distance over which spatial network
effects are relevant is less than the distance over which the attributes of places matter in
determining programme allocation decisions.

To illustrate the method, the spatial instrumental variables model is estimated and tested
with a cross-section of Indonesian census data. A variety of tests of instrument validity
are implemented. In particular, sub-sets of instruments from areas at increasing distance
from the area in which behaviour is observed are used to test for the validity of instruments
derived from less distant places. In the case of girls’ schooling, the tests are supportive
of our approach in that they fail to reject the requirements of the instrumental variables
estimation method. However, this is not the case for contraceptive use. Reassuringly, in
none of the four cases does allowing for spatial network effects qualitatively change the
estimated programme effects. Nonetheless, the lesson implied is that the validity of the
instruments proposed must be subjected to empirical test, and may not be suitable to every
setting or behaviour.

Final Manuscript Received: September 2018
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