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Abstract

When a policy prioritizes one person over another, is it because they benefit
more, or because they are preferred? This paper develops a method to uncover
the values consistent with observed allocation decisions. We estimate how much
each individual benefits from an intervention, and then reconcile the allocation
with (i) the welfare weights assigned to different people; (ii) heterogeneous
treatment effects of the intervention; and (iii) weights on different outcomes.
We demonstrate this approach by analyzing Mexico’s PROGRESA anti-poverty
program. The analysis reveals that while the program prioritized certain
subgroups — such as indigenous households — the fact that those groups
benefited more implies that the program did not actually assign them a higher
welfare weight. We also find evidence that the policy valued outcomes differently
from households. The PROGRESA case illustrates how the method makes it
possible to audit existing policies, and to design future policies that better align
with values.
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1 Introduction

The values behind policy decisions are not always transparent. When governments
decide which households receive welfare benefits, or universities select which students
to admit, they do not always articulate a rationale behind those decisions. Even when
a rationale is given for a policy, it may be difficult to verify. In particular, certain
people may be prioritized either because they are expected to benefit the most from
the policy, or because they are favored, irrespective of how much they are likely to
benefit. This distinction has important implications (Nichols and Zeckhauser, 1982;
Coate and Morris, 1995): all members of society may agree on a ranking of who
benefits most along some objective metric, but may disagree on how much welfare
weight to assign to different entities.

This paper develops a method to infer social preferences that are consistent with
observed or proposed policies. This method involves first obtaining estimates of
heterogeneity in treatment effects (who benefits the most), and then, in a second
stage, separating those from implied welfare weights (who is valued) and how different
outcomes are valued, given the policy’s allocation. This approach makes it possible to
shift the debate from one about means — who should receive what — to one about
ends: what are the impacts we desire, and which populations are most important?

We consider a common form of policy, in which some treatment is allocated based
on a score or ranking. The allocation could be based on poverty scores in the case of
welfare programs, or explicit rankings in the case of applicants for college admission
or small business grants. We show that the ranking implies a set of inequalities that
can be used to back out the implied value that it places on different outcomes and
different entities. Our method can also be used if one only observes the binary decision
of who is eligible and who is not.

Intuitively, if a policy allocates benefits to one type of entity who benefits little
from the allocation, rather than to a different type that benefits greatly, that suggests
the policy implicitly places higher welfare weight on the first type. Or, if a policy
consistently allocates to applicants whose health improves as a result of the intervention

— instead of applicants whose consumption increases — that implies the policy implicitly
highly values health.

To illustrate how this method can be used to interrogate a real-world policy,



we apply it to historical data from PROGRESA, one of the world’s largest (and
best-studied) anti-poverty programs. We first estimate the heterogeneous treatment
effects of the program. Consistent with prior work, we find evidence of treatment
effect heterogeneity — for instance, that indigenous households benefit most from the
program (cf. Djebbari and Smith, 2008). Our main estimates use OLS but we also
demonstrate alternative methods for estimating treatment effects (Wager and Athey,
2018).

We then use our method to estimate the preferences consistent with the observed
ranking of households and its heterogeneous effects on consumption, child health,
and school attendance. We find that indigenous households were more likely to be
allocated the program, but because they benefit so much more, the policy does not
actually implicitly place higher welfare weight on them, and if anything is consistent
with assigning them lower welfare weights than non-indigenous households. Our
results also suggest that the program’s design is consistent with assigning extra value
to poorer, larger, and less educated households. These valuations, estimated using our
method, are similar to the stated preferences of Mexican residents, as measured by
hypothetical allocation questions in a survey we conducted in 2023. We additionally
recover estimates of how the policy implicitly values impacts on consumption, health,
and schooling. While a utilitarian policy would defer to the choices made by households,
a paternalistic policy may attempt to override these preferences — if, for example, it
preferred that parents made different choices for their children. Our estimates strongly
reject non-paternalism, suggesting the policy values these outcomes differently from
household decision makers. This preference for paternalism is echoed in the responses
of Mexican residents.

Our final set of empirical results illustrate how this approach can further be used
to evaluate counterfactual policies and preferences. In the PROGRESA case, we show
what would have occurred had the program designers placed higher value on certain
types of impacts (e.g., health vs. education) or certain types of households (e.g.,
equal welfare weights). This analysis suggests that, for instance, a policymaker who
cared exclusively about impacts on schooling should prefer a policy that prioritizes
richer households; a policymaker that valued only consumption impacts would instead

prioritize indigenous households. More broadly, we show where these counterfactual



policies lie relative to the Pareto frontier that characterizes improvements across the
three focal welfare outcomes.

After presenting the empirical results, we discuss more general settings where
our approach may be useful. This framework can be used retrospectively, to audit
existing programs and elucidate the values they imply, thereby facilitating more critical
discussion of implemented policies. However, it can also be used prospectively, to
help ensure that future policies better reflect the preferences of policymakers and
constituents, thus providing a sort of decision aid to imperfectly rational policymakers.
We demonstrate both uses in the case of PROGRESA. In both settings, the main
requirements are that (i) there exists a way to estimate how different entities would be
affected by the policy, and (ii) that the policy designer can articulate which household
characteristics should be permitted to influence preferences. The former is a practical
issue: treatment effect heterogeneity is most easily estimated when a randomized
control trial facilitates impact evaluation on a subset of the population, as might
occur with a pilot study, but could in principle be obtained through non-experimental
approaches (e.g., Kent et al., 2020; Johansson et al., 2018). The latter is more subtle,
as it entails considerations both theoretical (e.g., the values of constituents) and
empirical (i.e., to permit identification). In particular, the full application of our
method requires an exclusion restriction that there exist characteristics that describe
heterogeneity but which do not directly enter the preferences of the policy, though we
show variants of the method that do not require an exclusion restriction.

Taken as a whole, this approach makes it possible to invert the discussion about
policies and programs. Rather than debate the means of the policy (who is eligible,
how large are the benefits?), this framework makes it possible to debate the ends
(how much do we value health, education, or consumption? Should poor families be
prioritized over middle class families?). The framework can be applied to a wide range
of settings where policymakers allocate scarce resources and heterogeneous treatment

effects can be estimated.

Related Literature

This paper contributes to literature on optimal targeting and taxation (Nichols
and Zeckhauser, 1982; Barr, 2012; Fleurbaey and Maniquet, 2018), including work



comparing targeted policies to universal basic income (Alatas et al., 2012; Hanna and
Olken, 2018). It can be viewed as a response to Ravallion (2009), which argues that
targeting poverty directly may not be sufficient for impact, and suggests that it may
be better to target based on desired outcomes. In that sense, our work relates closely
to Haushofer et al. (2022), which asks how targeting on treatment effects compares
to targeting on baseline poverty. Their empirical analysis suggests that those who
are most impacted by a Kenyan cash transfer are not always the poorest. Our paper
focuses on the inverse problem of estimating the welfare function consistent with an
observed policy. The two approaches are thus complementary; ours also extends from
a specified utility function defined over a single outcome to a general welfare function
that can rationalize targeting based on household characteristics as well as impacts
on multiple outcomes. Our empirical results also engage with research on the effects
and allocation of cash transfer programs (Behrman and Todd, 1999; Skoufias et al.,
2001a; Gertler, 2004; John Hoddinott, 2004; Coady, 2006; Djebbari and Smith, 2008;
Alderman et al., 2019). We build on this work by showing how effects can be used to
audit policymaker priorities, and improve the design of future policies.

Our approach also relates to a growing literature that takes a given welfare function
as fixed, and considers what are the best decisions to take. Kitagawa and Tetenov
(2018) computes optimal assignment of treatment with experimental data, and Athey
and Wager (2020) with observational data. Gechter et al. (2019) assesses how well
different ex ante treatment assignments maximize a given welfare function under ex
post experimental data. Wang (2020) considers the theoretical problem of allocating
resources given heterogeneous aid agency preferences over individuals, and describes
allocation queues as a solution to a combinatorial problem. This literature faces
a central problem: what notion of welfare do, or should, societies maximize? Our
paper takes a step towards answering this question, by solving the reverse problem:
estimating welfare functions consistent with observed decisions.

It is increasingly common to construct indices summarizing multiple outcomes
as a more nuanced measure of welfare (Greco et al., 2019). A persistent question in
assembling these indices is what weight to apply to each component. These weights
have economic meaning: how valuable is one component relative to another? Common

approaches are geometric: setting equal values to each component (UNDP, 1990),



or analyzing how components vary together in observational data, using a principal
component analysis (Filmer and Pritchett, 2001; McKenzie, 2005). We derive weights
that have an economic interpretation using revealed preferences, how policies implicitly
make trade-offs. A related approach is to set weights to optimally predict some gold
standard measure of utility, if one is available (Jayachandran et al., 2021).

Also related is a recently expanding ‘inverse optimum’ public finance literature
that estimates the redistributive preferences that are consistent with observed income
tax policies. Bourguignon and Spadaro (2012) and Hendren (2020) infer the weight
on different households implied by a tax schedule, based on the distortions required
to transfer them resources. Saez and Stantcheva (2016) generalize welfare weights to
reconcile popular notions of fairness with optimal tax theory. That literature considers
tax policies that condition on a single covariate (pre-tax income) and affect a single
outcome (net-of-tax consumption). Our paper generalizes this approach to arbitrary
allocation policies that may condition on a vector of covariates and affect a vector of
outcomes. This richer space allows us to back out additional information: how welfare
weights depend on a vector of attributes, and the relative value placed on different
outcomes (such as consumption, health, or education). It also shows how these welfare
questions can be raised across a broad set of domains where heterogeneous treatment
effects can be estimated.

More broadly, our efforts also connect with recent computer science scholarship
on fairness in machine learning (cf. Dwork et al., 2012; Barocas et al., 2018). Several
papers in this literature study the social welfare implications of algorithmic decisions,
and how social welfare concerns relate to different notions of fairness (Ensign et al.,
2017; Hu and Chen, 2018; Mouzannar et al., 2018; Liu et al., 2018). This relates
to work on multi-objective machine learning (Rolf et al., 2020). Kasy and Abebe
(2020) describe limitations of fairness constraints, and suggest that algorithms should
be optimized for impacts. Also related, Noriega et al. (2018) discuss how different
constraints to targeting can impact efficiency and fairness. Our approach is distinct,
however, in that we show how using machine learning tools can be used to better
characterize and audit the values consistent with a program’s observed allocation.
We hope that by providing increased visibility into these revealed preferences, future

policies can be better aligned with stated preferences and explicit policy objectives.



2 Model

We consider the problem of allocating treatment among N entities, which could be,
for example, households, individuals, firms, or regions. For convenience, we refer to
entities as households.

A policy ranks each household 7 in the priority order they will be allocated some
benefit or treatment, T; € {0,1}. This ranking z; may include ties between households;
in the extreme it could simply represent the binary decision of whether household ¢
will be allocated treatment (z; € {0,1}).

We attempt to reconcile that ranking with an implicit welfare function

S=>_5 (1)

S; = w(x;) - ui(T;)

where each household 7 is valued from the perspective of the policy according to
some utility u;(T;), scaled by some differential welfare weight w(x;) based on its
characteristics x; (boldface indicates vectors, throughout).

The utility of household ¢ from the perspective of the policy can be decomposed

into components

ui(T;) = Z bijui;(T;) +a - T; (2)

where v;; represents the utility of household ¢ arising from component j, and b;;
represents the implied value of that component. For simplicity, we here consider
“non-choice” components of utility v;;, where 7 does not directly choose their level of j
(e.g., an immune system response to a vaccine). We will later generalize to “choice”
outcomes over which ¢ has some ability to influence the outcome (such as consumption
and savings) in Section 3.4. We also allow treatment to provide some base value
irrespective of its impact on outcomes, denoted by a.!

Imagine we knew the impact of treatment on household i’s component of utility

J: Avy = v;;(1) — v;;(0). The welfare impact of treating household 7 could then be

'For intuition: if a is large in magnitude, the ranking between households is explained mostly by
differences in welfare weights; if a is small or zero, the ranking depends also on impacts.



written

AS; = w(x;) - (Z bij Avij + a> (3)

J

If the cost of treating each household is the same, the ranking of each household,
z;, can then be reconciled with its implied welfare impact plus a shock ¢;, as long as

there exists a weakly increasing function f that preserves the ranking of households,

The shock may represent measurement error in estimates of welfare, or mistakes in

the allocation.

2.1 Intuition

To demonstrate the intuition behind our method, we illustrate with a simple example
in Figure 1. Consider the case of a single non-choice outcome and one dimension of
heterogeneity, x;, which corresponds to income. A policymaker allocates a program
by ordering households by z; = Z(x;), for some function Z that prioritizes poor
households. As shown in Figure 1, depending on how treatment effects Av; vary with
x;, the same allocation could result from (1) higher welfare weights on the poor, (2)
equal welfare weights, or (3) higher welfare weights on the rich. Likewise, in the
case where z; is binary, an allocation to one group can result from (i) higher welfare
weights, if that group benefits the same or less; (ii) equal welfare weights, if that group
benefits more; or (iii) lower welfare weights, if that group benefits much more.

The next section demonstrates how to empirically recover welfare and impact
weights from data when there are multiple dimensions of heterogeneity and multiple

outcomes of interest.

3 Estimation

This section describes a procedure to estimate the model (the parameters defining
objects Awv;;, a, b;;, and w(x;) in equation (3)). We also discuss the conditions under

which the parameters are identified.



An allocation rule that prioritizes the poor (low ;)

Priority Rank (z)

Income (x;)

Could result from
(1) Higher welfare weight on the poor if treatment effects are constant

Welfare Weight (w;)
Benefit (Av;)

Income (x;) Income (x;)

~—~
N\
~—

Equal welfare weights on households if treatment effects are higher for the poor

Welfare Weight (w;)
Benefit (Av;)

Income (x;) Income (x;)

—
w
~

Higher welfare weight on the rich if treatment effects are much higher for the poor

Welfare Weight (w;)
Benefit (Av;)

Income (x;) Income (x;)

Figure 1: Intuitive Example



3.1 Measurement

We assume that household i’s utility from component j can be measured as a function
of the observed outcome y;;, i.e., v;; = ¢;(y;;), with component utility function g;. At
its simplest this function may linear, g;(y) = y, but one may also wish to incorporate

diminishing returns, for example g;(y) = log(y).?

3.2 Procedure

Estimation proceeds in two steps:

First, we obtain a prediction of the effect of treating each household ¢ on each
component of utility j. We postulate that the utility on outcome j arises from a
process,

vij = v;(Ti, %;) + e,
with some error e;;. This allows treatment effects, v;(1,%;) — v;(0,%;), to be hetero-
geneous as a function of potentially many covariates x;. We define the shorthand
Av;; = Avj(X;) to refer to the predicted treatment effect for household i. Heteroge-
neous treatment effects can be estimated using a variety of methods, including OLS or
machine learning approaches that capture nuanced heterogeneity (Wager and Athey,
2018). We illustrate both of these approaches later.

Second, we estimate the preferences that would justify the ranking (z), given the
predicted effects of treatment on each household, A%;;. If household i is prioritized

over ¢’ (z; > zy), equation (4) implies
ASz +¢€ > ASZ/ + €.

This problem can be modeled with an ordinal logit likelihood if we make the common
assumption that the ranking error is distributed extreme value type-I: ¢; ~ o - EV(1).

To estimate this, consider an empirical analogue to equation (3),

AS; = w(x;) - (Z B(x:) Av;(%;) + Oé(Xz‘)) (5)

J

*We assume that these functional forms are known. If the g;(-) utility functions are incorrectly
specified to be linear, then the estimated parameters can in some cases measure the combination of
the underlying welfare weights and curvature in utility to a first approximation. See Section 5.2.5.

10



where each theoretical object is replaced with an empirical analogue (w with w, b;;
with ;, and a with «). Although our notation here is general, in practice there are
some restrictions on these objects. In particular, they cannot all vary as a function of
x;, and must be normalized. (In our application, we assume that ; are constants,
which are defined relative to a constant « with |a| = 1. We also assume welfare
weights are positive: w > 0. We describe other options for normalization in Online
Appendix S2.) The covariates used to estimate treatment effects (X;) must also differ
from those allowed to determine welfare weights and base values (x;), as we discuss in
the following section (3.3).
Then, the placement of ¢ in the ranking z has likelihood

exp |- wixi) (52, 8;(x)A0;(%:) + alx))|
S, oxp |4 wxe) (33, 8060 ) vy (%) + ) )

I =

where A; = {i'|zy < z} is the set of households ranked lower than household .

The likelihood of the full observed ranking z is therefore
L(z,x|w, B, a,0) = Hli‘

We observe a single ordering of all alternatives, which differs from discrete choice
settings where partial orderings are observed for multiple decisionmakers. For this
type of ranked data, we follow the exploded logit likelihood described by Train (2009).
As with many discrete choice models, ours is identified up to a scaling parameter, so
we impose 0 = 1. We use maximum likelihood to estimate the w, 3, and a that best
match the observed data {z,x, {Av;;}:;}-

For outcomes y; that are not choices, the estimated w, B3, and a correspond
with those in the theoretical model: w will capture the welfare weights w; 3, the
weights on outcome b;;; and a the base value a. For outcomes y; that are choices,
the interpretation is slightly different: 3; will capture the difference between how
the policy and households value the outcome 7, and a will additionally capture any
relaxation of the constraint on choices. When the magnitude of a is normalized to 1,
the value of outcome j captured by 3; will be defined relative to this base value. We

discuss this interpretation in Section 3.4, parameterization in Section 3.5, and other
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more nuanced cases in Section 5.

Confidence intervals are computed using a Bayesian bootstrap (Rubin, 1981) over
the entire procedure, which accounts for uncertainty in both treatment effects and
preference parameters. We generate bootstrap samples by reweighting (rather than
resampling) households, compute treatment effects, and then welfare and impact
weights.?

In many settings, we may not observe a full ranking or score, but rather a binary
allocation of beneficiaries and non-beneficiaries (7; € {0,1}). This corresponds to a
ranking with two levels, so the same procedure can be applied, though it will tend
to have less statistical power. We provide an empirical illustration of this setting in
Section 5.2.1.

3.3 Identification

Exclusion restriction Preferences are identified based on how the policy’s ranking
(z;) varies with the set of characteristics that enter the welfare weights (x;) and
the set that determine treatment effect heterogeneity (%;). Identification of the full
model’s parameters (w, B3, and «) requires an ‘exclusion restriction’, whereby x;
does not include the full set of characteristics in X;. To see this, note that without
such a restriction, one could set o = 1 and 8; = 0 for all j without empirical loss of
generality. Conceptually, an exclusion restriction makes it possible to compare how
the policy ranks households who have similar welfare and outcome weights (based on
x;) but would be differentially affected by treatment (based on %;). For a more formal
discussion of identification, see Online Appendix S2.

An exclusion restriction can be justified in settings where there exist covariates that
are potentially predictive of treatment effect heterogeneity (and thus may reasonably
be included in X;), but which are unlikely to have been prioritized by a policy. Such
exclusions are natural in many settings, as welfare and outcome weights represent
preferences, which are commonly coarser than heterogeneity in treatment effects, which

may depend on many more idiosyncratic factors. For instance, in the PROGRESA

3Random weights are drawn from the distribution Dirichlet(4,...,4), following Shao and Tu
(1995). The Bayesian bootstrap makes it possible to use treatment effect estimators that hold out
part of the sample (like causal forests, which we demonstrate later). For those estimators, standard
bootstraps can misestimate if the same observation appears in both training and hold-out samples.

12



example, the policy is unlikely to have placed different weights on the utility of a child
based on the household gender composition — but household composition was one of
many correlates of impacts from the program. If there is ambiguity about what to

include, it can improve confidence to report sensitivity to different sets.

Conditional preferences without exclusion restriction Alternately, one can
impose some of the parameters defining preferences (either w; or B and ), and use the
method to estimate what remaining preferences would be consistent with the allocation.
For example, one may wish to know what weights on outcomes (8 and a) would be
consistent with the allocation if welfare weights were egalitarian (w(x;) = 1). Or, it
may be informative to derive the welfare weights (w) consistent with the allocation
given reasonable weights on outcomes, such as if the policy only valued a single
outcome (such as health), or if it valued outcomes according to external estimates
(e.g., by calibrating B(x;) and a(x;) to estimates from the medical literature). If
outcomes are choices, it would be natural to consider a restriction that the policy is not
paternalistic (and thus values easing household constraints uniformly (so a(x;) = «)
but 8; = 0 for all outcomes j that are choices). In Section 4.3.2, we illustrate how

these different restrictions can be applied.

Unobservables Our approach reveals the preferences that are consistent with a
potential policy z, given estimates of the policy’s impact Av. Our estimates will recover
an observed component of welfare, AS;, that is uncorrelated with any unobserved
component, ¢;. There are several reasons why these implied preferences of the policy
might differ from actual preferences.

First, the implied preferences of the policy could differ from the actual policy
preferences if the actual ranking is based on correlated unobservables. For example,
if a policy is racially biased but an analyst does not allow race to enter modelled
preferences, the policy may be found to be consistent with a preference for an income
level that is correlated with race. In such settings, the method still reveals preferences
that are consistent with the policy’s values, under the given specification of preferences,
just as ordinary least squares recovers the best linear predictor given included variables,
even when it omits variables. Similarly, if x includes both a relevant variable as well

as an irrelevant but colinear variable, the method will have imprecise estimates of
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the contribution of both, again similar to a standard regression. The specification
of preferences (i.e., which variables they are defined over and their functional form)
is thus a substantive decision. For this reason, practical applications should include
characteristics that may be relevant for differential preference, including those that
one believes should be used, as well as characteristics for which there may be concerns
of bias.

Second, the implied preferences of the policy that are revealed by our method may
differ from the preferences of the policymaker if the policymaker has different beliefs
about these impacts at the time of the decision. If that were the case, upon observing
the results of our method, the policymaker could change the policy to better align
with their preferences. The method thus provides a tool for course correction. The
method can also be applied in cases where there is no single policymaker—for example,

where allocations are the result of deliberations between constituents.

Sufficient variation Identification also requires sufficient variation. Identification
of B requires that treatment has different impacts on different components of utility.
Impact weight 3; is identified primarily by the relative ranking of households that
are impacted more or less on utility component j. Then, the welfare weights w are
primarily identified based on how the ranking places households that have different
characteristics but achieve similar weighted impact (u;(1) —u;(0)). If treatment effects
were homogeneous, it would not be possible to separately identify 8 and w.* If the
treatment effects were heterogeneous but colinear between different components of
utility, it would be possible to identify w but not 3, because the data would not reveal

how different components of utility influence the ranking.

3.4 QOutcomes that are Choices

In settings where treatment affects choices made by households, the estimates produced
by the above procedure have a slightly different interpretation. As before, utility
may be derived from outcomes y;; that are not ¢’s choice (e.g., an immune system

response to a vaccine), for which y;;(7;) is a mechanical function. But utility may also

4Their combination may be identified, in which case our method would collapse down to a standard
exploded logit that does not account for treatment effects.
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depend on components that ¢ chooses, and where treatment changes the choice set
(for instance, if a cash transfer relaxes the budget constraint).
For each choice outcome j € Jchoice, given T;, household ¢ chooses y;; to maximize
its perceived utility
u; = Z bijg; (yij) + - T, (7)
j

subject to budget constraint

C(yijejchoice) - ILLZ + ¢ZE (8>

with associated Lagrange multiplier n;. The household perceives its value of outcome j
as b;;, and its base value of being treated as @. It faces a weakly convex cost function ¢
that, in the absence of treatment, is constrained to be below ;. Treating i alleviates
this constraint by amount ¢;. Heterogeneity in treatment effects could then arise from
houscholds making different choices due to preferences (by;), budgets (1;), or efficacy
of treatment (¢;).

When choices are made in this manner, the policy will perceive the value of treating

household 7 as

ASi=w(xi) [ Y (bz‘j — L{jenoice} - Bij) Avij | +dini +a |, (9)

; (. s
J ~~

w(x;) 5 (x2) a(x;)

which generalizes equation (3) when some outcomes j are choices. The underbraces
highlight the empirical analogues that would result from estimating the main specifi-
cation (equation (5)). This derivation, shown in Online Appendix S1.1, arises from
the envelope theorem.

For outcomes that are not choices, the interpretation of parameters is analogous
to before: f;(x;) will capture the policy’s marginal valuation of that outcome, b;.
However, for outcomes j that are choices, the interpretation is slightly different. Any
choices that the policy values in the same way as the household will not be included
(Bj(x;) = 0), because the policy will defer to household optimization due to the

envelope theorem. Instead, the policy will value the relaxation of the constraint: «a(x;)

5Tn the case where the functions g; are linear, strict convexity of ¢ is required to ensure an interior
optimum.
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will pick up this general relaxation (¢;n;) plus any explicit benefit a. However, if the
policy values the choices of i differently from the household (an internality), then
B;(x;) will also capture the difference in marginal valuation, b;; — Bw

This suggests that the resulting estimates will place weight on nonchoice outcomes
that the policy cares about, and choice outcomes that have internalities. One may
include other outcomes and statistically test for paternalism (3;(x;) # 0). A policy
may also place weight on choices that have externalities, though this leads to a more

subtle interpretation, which we discuss in Section 5.

3.5 Parameterization

Our framework will work with general functional forms for w(x;) as well as for 8;(x;)
and «(x;). In the empirical application that follows in Section 4, we model welfare
weights as multiplicative,

w(x;) = vy ™.

We impose the constraint v > 0, so that an outcome cannot be a good for some
households and a bad for others.

We use simpler functional forms for preferences because our empirical example uses
a sample that is not large enough to differentiate all of the dimensions of heterogeneity
that our model allows. We model the relative weight on outcome j and the constant
term as the same for all households, 3;(x;) = §;, a(x;) = «a, and |a| = 1.5 The first
implies that the wedge in marginal valuations is the same for all households (that is,
bij — l;ij = Ab;). The second implies that any relaxation in the constraint for choice
outcomes is the same for each household (¢;17; = ¢n for some fixed ¢n).” The third
implies that estimated weights on outcome j will be defined relative to any value
Oini + a;.

5The model can identify the sign of «, but when we bootstrap the procedure, the sign may switch
between draws (i.e., treatment may be a good and the policy favors certain households, or a bad, and
the policy disfavors those households). This leads to bimodal confidence intervals that are difficult to
interpret. In our baseline model, o = 1 achieves superior fit to &« = —1, so we restrict to the positive
sign (o = 1) for all results.

"More generally, it implies that the sum of any relaxation in the constraint for choice outcomes
plus the base value is the same for each household, ¢;n; + a; = ¢n + a, if one allowed a; to vary.
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4 Application

To illustrate how our method can be used in applied settings, we consider the case of

PROGRESA, a large conditional cash transfer program in Mexico.

4.1 Background on PROGRESA

First implemented by the Mexican federal government in 1997, PROGRESA pro-
vided cash transfers to poor households. Transfers averaged 197 pesos per month
(approximately $20 USD at the time). Although transfers were conditioned on regular
doctor’s visits and/or regular school attendance (John Hoddinott, 2004), roughly 99%
of enrolled households met these conditions (Simone Boyce, 2003).

Policy documents emphasize the objectives of alleviating poverty and improv-
ing the health and education status of poor children in poor households. Coady
(2003) also notes the potential for PROGRESA to “bring about important behavioral
change,” suggesting a possible mismatch between the natural preferences of household
decisionmakers and policymakers.

PROGRESA was a targeted program that offered benefits only to eligible house-
holds. Within poor communities, the program ranked households based on a ‘household
poverty score’ proxy means test that incorporated a variety of different characteristics
(such as household structure, indigenous languages, occupation, income, housing
materials, etc.).” The score was computed in three steps. First, each household was
classified as poor or not poor based on per capita income. Second, that poverty
classification was approximated using discriminant analysis based on household char-
acteristics (Skoufias et al., 1999). Third, the list of eligible households was presented
in meetings in each community for review; a small number of households changed
classification as a result. Our focus is on understanding which underlying values are

consistent with the allocation resulting from this method of determining eligibility.

8For simplicity, our analysis does not account for the conditionality of the transfer. For a
more detailed discussion of PROGRESA and its background, see Emmanuel Skoufias (2008), and
Simone Boyce (2003).

9The program defined poor communities as those with a high ‘village marginality index’, computed
based on the proportion of households living in poverty, population density, and health and education
infrastructure. We focus on the preferences implied by household poverty scores, which were the
basis for determining which households within a community were eligible for the program.
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During its initial implementation, PROGRESA administrators used a staggered
roll-out to randomize when villages could enroll in the program: of the 506 villages
included in the evaluation, 320 were randomly assigned to treatment, and initiated
into the program in summer 1998. 186 communities were assigned to control and were
not initiated into the program until 2000. Behrman and Todd (1999) show that, prior
to roll-out, treatment and control communities were statistically indistinguishable

across a wide array of observable covariates.

Data

Our analysis relies on two distinct sources of data. The main data comes from
household surveys conducted in October 1998 (midline) and November 1999 (endline).
These capture household demographics, socioeconomic characteristics, health care
utilization, and educational attendance for 14,801 households over the experiment
period. Our main analysis focuses on the endline sample of 7,767 households over
which our outcomes are defined (N,qnx), who have at least one child aged 5 or below
and at least one child aged 6-16. Within this sample, the transfer given to each
household was nearly identical, so we assume the cost of treating each household is
identical.’® We present midline summary statistics for these households in Online
Appendix Table S1.1

The second data source is a survey that we conducted in 2023 to understand the
preferences of Mexican residents over how households should be prioritized for social
assistance. We surveyed a sample of 429 Mexican residents to elicit preferences for
which types of households should receive transfers, and what types of program impacts
were most desirable, in a manner similar to Saez and Stantcheva (2016). The survey

asked respondents which household attributes should be considered in the design of

0Given the transfer schedule in Skoufias et al. (2001c), 87.2% of households received the upper-
bound payment of 750 pesos and 99.2% of households received between 725-750 pesos.

" This survey was conducted 1 year after treatment. While there was a baseline survey in 1997, it
was more limited and did not include all of the relevant covariates; see Online Appendix Section S3. We
note a caveat to the external validity of our approach when using these data to study the values implied
by PROGRESA. Since PROGRESA was only targeted at poor villages (i.e., those with a low ‘village
marginality index’), and because only a subset of households in poor communities were potentially
eligible for the program (i.e., households with a high poverty score and with eligible children), the
treatment effects we estimate are local to this subpopulation of Mexico. Thus, subsequent inferences
about welfare weights should also be interpreted as weights within this subpopulation and may not
necessarily generalize to the full Mexican population.
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such a program, and relied on multiple price lists to elicit indifference points. We also
ask about the degree to which society should entrust household decisionmakers to
make the decisions best for children. For a complete description of this survey, see
Online Appendix S4.

We focus on the three welfare outcomes (i.e., y; in our framework) that were
emphasized in policy documents and for which the most robust impacts of the
program have been documented (Parker and Todd, 2017): (i) consumption per-capita,;
(ii) child health, measured as the average number of sick days per child aged 0-5; and
(iii) school attendance, calculated as the average number of school days missed per
child aged 6-16.'2 In our main specification, we allow consumption to enter with
logs (90(Yeonsumption) = 108(Yeonsumption)), and allow the other two outcomes to enter
the welfare function linearly (g;(y;) = y; for j > 0).'® Note that the program could
also have impacted other outcomes not measured; our method will assume that such
impacts are either zero or not valued. In Section 4.5.1, we discuss implications and
extensions of this simplifying assumption.

We consider welfare weights (i.e., w(x;)) over log of income; number of people;
and the household head’s age, indigenous status, and whether they completed middle

school.

4.2 Characterizing the Decision Rule

As a first step, we characterize the decision rule by indicating which types of households
are observed to be ranked higher than others. Table 1 column 1 reports these results,
where the contribution of household characteristics to the final ranking z is estimated
with a logit ranking model (i.e., our model’s likelihood equation (6) with constraints
B = 0 and a = 1, estimating the constrained weights 7). We report coefficients

transformed by logarithm (log(%)), which can be interpreted as the implied percentage

12The review article Parker and Todd (2017) notes that while estimated impacts on consumption,
health, and school attendance are robust to adjustments for multiple hypothesis testing, impacts
on other outcomes are sensitive to such testing. Specific studies that have estimated significant
treatment effects on all three outcomes using the same survey data include John Hoddinott (2004);
Emmanuel Skoufias (2008); Simone Boyce (2003); Djebbari and Smith (2008).

13A logarithmic functional form for consumption represents a natural benchmark, as Gandelman
and Hernandez-Murillo (2015) fails to reject a level of risk aversion consistent with logarithmic utility
in Mexico, based on self-reported wellbeing. We also consider robustness to a linear functional form
for consumption in Section 4.5.1.
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Table 1: What Values are Consistent with the PROGRESA Decision Rule?

Household Poverty Score 1999

Decision Rule Implied Preferences
(Prioritization) Welfare Weights
Welfare Weights log(~)
Indigenous 0.606 (0.581, 0.634)  -0.174 (-0.225, -0.042)
log(Income) -0.237 (-0.252, -0.223)  -0.19 (-0.234, -0.138)
Household Size 0.116 (0.112, 0.119)  0.104 (0.082, 0.118)
Household Head Age -0.02 (-0.021, -0.018)  -0.016 (-0.021, -0.01)
Education (Middle school or above) -1.007 (-1.263, -0.85)  -0.727 (-0.944, -0.502)
Impact Weights
Log consumption (per capita) 5y 6.07 (4.04, 7.19)
Missed Schooling (per day) o2 -0.48 (-1.33, -0.03)
Sickness (per child sick day) B2 -0.05 (-0.52, 0.56)
Value Regardless of Impact « 1
Nyank 7767 7767
Nrp . 6784
Hypothesis Tests p-value
Egalitarian y=1 3.70e-31
Not Paternalistic B=0 3.99e-13
Egalitarian and Not Paternalistic ~=1,8=0 1.33e-64

Notes: ‘Decision Rule’ column is computed using our method, without treatment effects included in the estimation. ‘Implied
Preferences’ column is calculated using our method, using OLS to estimate heterogeneous treatment effects (see also Figure 2).
95% confidence intervals, in parentheses, are computed using a two-step Bayesian bootstrap procedure that accounts for
uncertainty in both treatment effects and preference parameters. Dirichlet bootstrap weights are drawn and then treatment
effects are estimated using these bootstrapped weights, and welfare and impact weights are estimated using the same weights.
Nyank is the number of observations used in estimating the final ranking, Ny g describes the number of observations used in
estimating the heterogeneous treatment effects, which are then projected to the full sample based on covariates.

changes implied, with 95% confidence intervals in parentheses. For convenience, in the
remainder of the paper, we will refer to characteristics as having positive weight if this
quantity is above zero (indicating a welfare weight above one), or negative otherwise
(indicating a welfare weight below one). These results suggest that households that are
indigenous are ranked 60.6 log points higher. It also suggests that each 10% increase
in income corresponds with a 2.37% decrease in rank. Each additional household
member is associated with a 11.6% increase in ranking. However, the conventional
regression in column 1 does not describe why these households are ranked highly; it
could be that they benefit more (higher treatment effects) or that they are favored
(higher welfare weights).
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4.3 Results: Estimating What Policies Value

Our main empirical results show how our method can recover the implied values of
the PROGRESA allocation.

4.3.1 Heterogeneity in Treatment Effects

As has been documented in prior work, the PROGRESA program significantly im-
pacted several measures of household and child welfare. Among eligible households,
we estimate that PROGRESA, on average, increased the log of household monthly
consumption by 0.149 (SE=0.015), reduced the number of sick days per child by 0.165
(SE=0.051), and had little effect on the number of school days missed per child (with
an average effect of -0.0053, SE=0.028).

However, these treatment effects were heterogeneous. We recover this heterogeneity

first by estimating the OLS specification
vij = 0o + 0% + (Orj + O14%,)T; + €. (10)
We then form predicted treatment effects given
A (%) = Or; + Oras%,

We select variables x; to match the specification of heterogeneity in Djebbari and
Smith (2008) but omit poverty scores and the village marginality index (and their
respective interactions), to avoid potential correlated errors with their use in the second
stage. Estimation is performed on the set of potentially eligible households (Nrg =
6784) for whom randomization affects whether they were given the program. Figure 2
shows that there is considerable heterogeneity in how different households benefit
from PROGRESA. Each of the histograms in the figure indicates the distribution of
treatment effects for one of the outcomes: for instance, most of the impacts on absences
from school are in the range from -0.4 to 0.4 days per child, and most consumption
treatment effects are in the range from -0.1 to 0.4 log of consumption.

The Online Appendix provides further insight into the nature and predictors of
treatment effect heterogeneity. In Online Appendix Table S2, we show the coefficient

estimates for all outcomes. We observe, for instance, that indigenous status significantly
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moderates treatment effects for consumption impacts. Online Appendix Figure S1
shows residualized treatment effects, estimated after removing variation explained
by the other covariates, to better illustrate how the predictors relate to treatment
effects. Panel (a) suggests that, for instance, consumption treatment effects are
negatively correlated with income and larger for indigenous households; likewise, panel
(b) indicates that schooling treatment effects are smaller in magnitude for households
with more members. However, the effects of treatment also vary by fine categories of
household composition, such as the number of men aged at least 55 years, and the

number of women aged 20-34 years.

4.3.2 Implied Policy Preferences

Next, given that we predict the policy would have impacts A®;; on household ¢, we use
our method to back out the implied preferences consistent with ranking that household
at position z;. Although household demographics are correlated with heterogeneous
treatment effects, they are likely only coarsely incorporated into the preferences of
policymakers for our sample of households that have children. Thus, we assume that
these fine measures of household age and gender composition are excluded from welfare
weights. This allows us to separately identify the implied preferences of the policy.

Table 1 column 2 reports the preferences that are consistent with the ranking z.
The first block of rows shows the implied welfare weights (v), and the second block
shows implied impact weights (8 and «). Because the policy ranked all households,
we estimate these preferences on this full ranking (N,qn).'*

Accounting for treatment effect heterogeneity leads us to a different understanding
of PROGRESA’s targeting priorities. For instance, we find that after accounting for
the fact that indigenous households benefit more from treatment, the decision rule
does not actually place a higher welfare weight on indigenous households; in fact, the
estimate suggests that the implied welfare weights may be lower (by 17.4%).

The PROGRESA treatment (cash grant) relaxes household budget constraints,

which among other things can allow household decisionmakers to improve outcomes

14This relies on using the estimated first stage model to extrapolate predicted treatment effects for
the 14% of households that were ineligible. This is reasonable if heterogeneity in treatment effects
is similar for eligible and ineligible households. In Table S8 (column 2), we show that results are
qualitatively similar if we restrict this second step to eligible households.
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Figure 2: Distribution of Estimated Treatment Effects
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Notes: Heterogeneous treatment effects of PROGRESA, estimated using OLS. Histograms show
marginal treatment effects on log consumption (left), sick days among young children (top), and
missed school days (right). Center figure shows joint distribution, where each cell corresponds to
a combination of consumption and health treatment effects, and is colored according to average
treatment effect on attendance. Households without at least one young and one school-age child are
omitted from the figure.
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for children. For this reason, the outcomes depend on the choices made by households,
and the estimates of B can be interpreted as the difference between how the policy
and household decisionmaker value the outcome, as discussed in Section 3.4. The
positive estimate for log consumption thus suggests that the policy places a higher
value on this outcome than households. Our estimates of weights on the other impacts
are imprecise. For schooling and sickness, the confidence interval includes zero, so
we cannot rule out the possibility that the policy’s preference coincides with that of
household decisionmakers (though for sickness, the confidence interval barely includes
zero). Overall, our estimates suggest that, from the perspective of the policymaker
(equation (2)), on average 55% of the impact of PROGRESA on household utility comes
from simply providing the transfer, irrespective of impacts on measured outcomes (the
constant term «). Approximately 45% is derived from the impact on consumption
(B1), and <1% derives from impacts on health and schooling. The ratio ¢/, suggests
that the implied value of providing the program independent of impacts corresponds
to 0.16 log points of consumption, or a mean consumption increase of 23.1 pesos per
person per month, which is slightly smaller than the average transfer of 33.9 pesos per
person per month (John Hoddinott, 2004).

We can also test whether our estimated parameters are consistent with postulated
welfare functions. We use Wald tests (with the bootstrapped covariance matrices) to
test the null hypothesis that preferences are egalitarian (v = 1), non-paternalistic
(B = 0), or both egalitarian and non-paternalistic (7 = 1 and 3 = 0). These results
are presented in the bottom panel of Table 1. We reject the hypothesis that our
estimated coefficients do not place differential weight on different households and

outcomes, across all specifications. We also strongly reject non-paternalism.

4.3.3 Assessing Preferences

Our framework also makes it possible to compare the preferences consistent with
alternative policies. For instance, the Mexican government expanded PROGRESA
in 2003, changing the poverty score to increase the priority of older and smaller
households (Skoufias et al., 2001b). As shown in column 2 of Table 2, by comparing
the relative magnitudes of the coefficients in each rule, our method reveals that this

new poverty score implicitly switched to having a positive welfare weight for indigenous
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Table 2: Assessing Decision Rules

(1) (2) (3)

Implied Preferences (Estimated) Stated Preferences
1999 Pov. Score 2003 Pov. Score (Resident survey)
Welfare Weights log(7)
Indigenous -0.174 (-0.225, -0.042) 0.062 (0.005, 0.196) 0.065 (0.057, 0.072)
log(Income) 20.19 (-0.234, -0.138)  -0.072 (-0.109, -0.039) -0.071 (-0.270, 0.129)
Household Size 0.104 (0.082, 0.118)  0.086 (0.075, 0.096) 0.015 (-0.018, 0.048)
Household Head Age -0.016 (-0.021, -0.01)  -0.001 (-0.004, 0.002) 0.004 (0.002, 0.005)
Educated -0.727 (-0.944, -0.502) -0.416 (-0.58, -0.3) -0.065 (-0.099, -0.030)
Impact Weights
Log Consumption (per capita) [ 6.07 (4.04, 7.19) 2.23 (1.48, 2.72) 4.672 (3.190, 6.153) 1
Missed Schooling (per day) B3 -0.48 (-1.33, -0.03) -0.32 (-0.71, -0.07) -1.189 (-1.723, -0.655) |
Sickness (per child sick day) B2 -0.05 (-0.52, 0.56) -0.01 (-0.21, 0.3) -0.740 (-1.097, -0.382)
Value Regardless of Impact « 1 1
Nrank 7767 7767
Nrg 6784 6784 .
Nrespondents . : 424%

Notes: Columns 1-2 are estimated using our method, using OLS to estimate heterogeneous treatment effects. Column 3
indicates stated preferences estimated on a survey of Mexican residents; to reduce the impact of outliers we report the
median response (for details of this survey, see Appendix S4). 1 Survey weights scaled to match the scale of estimated
impact weights since we did not estimate the scale of idiosyncratic noise in the survey. 95% confidence intervals are
reported in parentheses. ‘Educated’ defined as a household head with a middle school education or above. In the first two
columns, confidence intervals are computed using a two-step Bayesian bootstrap procedure that accounts for uncertainty
in both treatment effects and preference parameters: dirichlet bootstrap weights are drawn and then treatment effects are
estimated using these bootstrapped weights, and welfare and impact weights are estimated using the same weights. Ny.qnk
describes the number of observations used in estimating the final ranking, Nrg describes the number of observations
used in estimating the heterogeneous treatment effects, which are then projected to the full sample based on covariates.
*: The number of survey respondents differs for different parameters (ranging between 411 and 424), due to incomplete
responses. Confidence intervals in column 3 are computed using standard errors from a standard bootstrap over all
individuals, with missing values dropped.



households, and placed less welfare weight on lower-income and younger households.

Table 2 also illustrates how the implemented policy (column 1) compares to the
median stated preferences of residents, as reported in the survey we conducted in
2023 (column 3). Welfare weights « are estimated from residents’ choices of how to
prioritize different households in a multiple price list. The welfare weights implied by
the implemented policy are similar to resident preferences, but place higher welfare
weights on indigenous households. Impact weights 3 are formed by asking how a
household would make decisions between an outcome and a cash transfer, and then ask
how society should value that outcome relative to the decisionmaker in the household.!®
On average, survey respondents value impacts on the health of children more than
they expect household decisionmakers to, and more than the implemented policy
does. In separate survey questions, we asked residents to rate statements describing
whether the government should directly support children, whether these outcomes
have externalities, and whether the government should trust parents to do what is best
for children. The responses, summarized in Online Appendix Table S9, are consistent

with support for paternalism.

4.4 Counterfactuals

We next consider the reverse problem: given preferences, what would the resulting
policy look like? In the PROGRESA example, Table 3 compares the policy’s true
allocation (column 1) to counterfactual allocations that would have resulted from
alternative preferences (columns 2-6). Panel A indicates which preferences are used.
We allow the welfare weights to be those estimated from the 1999 policy (columns
1, 4-6), those elicited from the resident survey (column 2), or fixed to weight all
households equally (column 3). We allow the impact weights to be those estimated
from the 1999 policy (columns 1 and 3), those elicited from the resident survey (column
2), or to only value one outcome (columns 4-6). Panel B indicates the decision rule
implied by those preferences, where we take the implied ranking and estimate a logit

model, as in column 1 of Table 1. Panel C shows the average outcomes that would be

~ 15This combination allows us to estimate the implied weight a policy should place on each outcome,
b; — b;. Because this survey does not estimate the scale of the idiosyncratic error o, we rescale these
survey estimates of 3 to have the same average magnitude as those estimated from the 1999 poverty
score. See Online Appendix S4.
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expected under the hypothetical policy, assuming the hypothetical policy treated the

same number of households as the implemented policy.

Survey-based Estimates of Resident Preferences Column 2 of Table 3 shows
the allocation that would result from imposing the preferences of residents as revealed
by the survey. Relative to the actual policy in column 1, the hypothetical policy
in column 2 places greater priority on indigenous households, and less priority on
households with less education. Other household attributes are similarly prioritized
under the two policies. In Panel C, we see that the policy consistent with resident
preferences would slightly increase average consumption and slightly reduce average

child missed school days and sick days relative to the implemented policy.

Alternate Welfare Weights When welfare weights are set equal across households
(column 3), the resulting ranking increases the priority of indigenous households,
slightly lowers the priority of large and poor households, and no longer prioritizes

households with lower education.

Prioritizing Specific Welfare Outcomes Most real-world policies balance mul-
tiple outcomes. For comparison, columns 4-6 of Table 3 present counterfactual
allocations that would result in the extreme case where a policy was designed to
improve only a single outcome. For instance, a policy that maximized impacts on
consumption with no explicit consideration of health or education (column 4) would
end up placing greater priority on households where the head is indigenous, and would
place higher priority on households with lower income. Alternatively, a policy designed
to maximize educational impacts would prioritize smaller households and those with
higher income (column 5). Finally, if only health impacts were valued, the policy
would largely preserve the prioritization of indigenous households, and put smaller

emphasis on lower-education households (column 6).
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Table 3: Designing Decision Rules

(1) (2) 3) (4) () (6)

HH Poverty Resident Equal Welfare Policy only values impact on:
Score Preferences Weights Consumption Education Health

Panel A: Preferences

Welfare Weights ~ Estimated  From survey Unity Estimated Estimated Estimated

Impact Weights 3 Estimated  From survey Estimated Only consumption  Only education  Only health
Panel B: Implied decision rule (priority over covariates, in logs)

Indigenous 0.606 2.289 1.987 2.372 -0.114 -0.023

log(Income) -0.237 -0.344 -0.183 -0.375 0.303 0.178

Household Size 0.116 -0.009 -0.022 0.042 -0.137 -0.041

Household Head Age -0.02 -0.009 -0.012 -0.02 -0.013 -0.036

Education -1.007 -0.206 0.054 -0.770 -0.532 -0.131
Panel C: Counterfactual outcomes (monthly)

Log Consumption per capita (pesos) 4.803 4.817 4.819 4.819 4.798 4.794

Missed school (days/child) 0.169 0.162 0.169 0.172 0.146 0.172

Sickness (sick days/child) 0.645 0.634 0.649 0.651 0.641 0.600
Model Log Likelihood -60930 -61647 -61953 -61327 -61467 -61615
Nrank 7767 7767 7767 7767 7767 7767

Notes: Table shows the distributional and outcome effects of designing decision rules using our framework. Panel A indicates which weights are
used to prioritize households. Column 1 uses the ranking assigned by PROGRESA. Column 2 uses preferences elicited in a survey we conducted of
Mexican residents. For the survey column, we set o = 1 and scale survey impact weights to have the same average magnitude as estimated impact
weights. Survey weight model likelihood computed using same constant term. Column 3 projects the ranking as though the policy assigned the
same welfare weight to all households, so preference results from differences in outcomes. Columns 4-6 indicate what would have happened if the
policy used the estimated weights over households but only valued about impacts on education/health/consumption, with o = 0. Panel B shows
the distributional effects of each column’s preferences, by estimating the implied priority ranking across households. Panel C shows each policy’s
expected average outcomes, calculated using estimates of heterogeneous treatment effects.



Figure 3: Expected Program Impacts under Alternative Preferences
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Notes: Figure shows the frontier of possible average welfare impacts that would have resulted
from different allocations of PROGRESA. Each axis indicates the expected average impacts for the
corresponding welfare outcome. Labeled points indicate specific allocations described in Table 3.

Understanding the policies that would result from extreme preferences can help in
understanding the full set of potential policies, and what those policies imply. Figure 3
characterizes the frontier of possible average outcomes that would result from different
allocations of PROGRESA. This frontier is shown as a convex hull with contour
lines; the labeled points correspond to the policies given in the columns of Table 3.
Policies that only value a single outcome lie at the corners of the outcome space. The
implemented program (‘HH Poverty Score’) is close to the allocation consistent with
the survey of Mexican residents preferences. All labeled points apply welfare weights

so one would not expect either to reach the frontier for unweighted outcomes, but

they are close.!©

More broadly, this method makes it possible to navigate program design in outcome

space, rather than implementation space.

16The distances from labeled points to the frontier, defined as frontier point coordinates minus
allocation point coordinates and in units of (Log Consumption, Sick Days, Missed School Days), are
as follows. Survey: (-0.0003, -0.005, 0.001); HH Poverty Score: (-0.010, -0.0009, 0.005); Consumption:
(0.0, -0.0001, 0.0001); Health: (0.0001, -0.0002, -0.0003); Education: (-0.0003, 0.0002, -0.003). The
distance between the implemented program and the survey is (-0.014, 0.010, 0.007).
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4.5 Additional Considerations

4.5.1 Specification of Outcomes

This section briefly discusses which outcomes should be included when modeling
welfare from the perspective of the policy. One simple approach is to include outcomes
in the framework in order to empirically test whether they in fact influence the decision
rule; that is, whether the estimated coefficients differ from zero. As noted previously,
this interpretation depends in part on whether the outcomes are choices (and treatment
simply alters the choice set); in that case, non-zero weight implies that the policy
values the outcome differently from the household.

When multiple reasonable sets of outcomes could be included, it is reasonable to
test multiple sets to assess robustness. For instance, Online Appendix Table S4 shows
how our main estimates (from Table 2) change if we split the consumption outcome into
food and nonfood consumption (column 2); it also includes specifications that include
just 1 or 2 outcomes at a time (columns 3-8). We saw previously that consumption
explains a substantial portion of the impact on households in our baseline specification.
Alternate specifications find similar results so long as they include consumption;
specifications that omit consumption find estimates close to that of the raw ranking
itself (Table 1 column 1).'7

Additionally, there may be multiple reasonable functional forms through which
outcomes could be valued. Our primary specification uses log consumption, but
column 9 of Table S4 presents results using a linear functional form for consumption.
Results are again similar: indigenous households have a positive welfare weight, but
this weight is still much smaller relative to the weights on other attributes than the

ranking alone would suggest.

4.5.2 Specification of Covariates

The set of covariates included when estimating heterogeneous treatment effects (x;) is
flexible: one may include any baseline variables predictive of heterogeneity so long as

one takes care to avoid overfitting. The set of covariates x; allowed into the welfare

17An additional outcome that a policy might value is long term investments, as documented in
Gertler et al. (2012), which could have trade-offs with short-term consumption. This analysis could
be extended to include investments as an outcome.
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weights is more nuanced and should be motivated by theory. As noted, the practical
requirement (exclusion restriction) is that the covariates x; not include all those in X;.

When there are multiple reasonable specifications for x;, it again is reasonable
to assess robustness to those different specifications. This is demonstrated for PRO-
GRESA in Online Appendix Tables S5 and S6, which compare specifications with
different covariates. Results are almost all qualitatively unchanged.

Absent an exclusion restriction, the framework can be applied by imposing some
parameters and estimating the rest, as suggested in Section 3.3. We demonstrate this
approach in Online Appendix Table S7, which shows what happens when preferences
are assumed to be egalitarian or to only prioritize one particular impact. In the latter
case, one may wish to impose impact weights from a scientific literature; for simplicity
we assume that for the selected j, |;| = @ = 1. We find that results are broadly
similar across these specifications, with positive weight on household size and negative
weights on household income and head education. This assumes that consumption
impacts are valued much less than in our full estimated specifications, and accordingly
finds a positive weight on indigenous households, though in most cases it is attenuated

compared to the ranking alone.

A caveat: impacts may correlate with unobservables The exclusion restriction
is more nuanced for policies that may value households based on components that
are difficult to measure. Imagine a policymaker assigns household i a true welfare
weight w;, which may contain components that are not well captured by observable
covariates x;, such as ‘neediness’. If those components are correlated with impact on
some outcome, Ay(x;) (say, how much of a grant that a household spends on food
consumption), then our method may attribute a weight on this impact that in fact
arises from the correlation with the unobservable.!®

It is the exclusion restriction that opens the door for this problem. x; should
include all variables that may enter welfare weights, including those that may signal

unobservables, if one expects these are valued. The set of variables allowed to enter

18For example, imagine that a policy values households based on neediness (w;), and values simply
providing treatment but not its impacts (@ > 0, b = 0). It proxies neediness with food consumption
(y). If the correlates of food consumption are omitted from the specification of welfare weights
(x;) then we might estimate w(x;) =1, & = 0, and S = w;(Ay) and mistakenly conclude that the
policymaker values all people equally, and values impacts on food consumption.
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into treatment effects, but which are excluded from x;, should not include variables
that may signal unobservable welfare weights. If a user of this method is unwilling
to commit to excluding characteristics from x;, that would suggest the exclusion
restriction may not hold, and w, B, and « are not separately identified in their setting.
One may still impose part of preferences and estimate the remainder as demonstrated

above.

4.5.3 Treatment Effect Specification and Measurement Error

The first stage of our approach can be estimated with a variety of methods and
specifications for heterogeneous treatment effects. Using a flexible method, such as
a linear estimator with many covariates or causal forests, can reduce the chance of
misspecification. However, more flexible methods can result in noisier first stage
predictions, which could attenuate or bias second stage estimates. In Online Appendix
Section S5, we discuss this in more detail, and present all our results replacing
the OLS first stage with causal forests, a nonlinear estimator (Wager and Athey,
2018). Results are all similar. We also assess the potential magnitude of attenuation
and misspecification with Monte Carlos and a bias correction technique from the
statistics literature (simulation extrapolation, or SIMEX, Cook and Stefanski, 1994).
Our PROGRESA estimates remain very similar when we apply this correction. In
applications where measurement error has larger effects, one may use corrections, or
use a different approach such as jointly modeling both stages of the method in a single
likelihood.

5 Broader Applications and Extensions

The PROGRESA example illustrates how our method can be used retroactively to
understand the priorities of an observed allocation policy. It thus provides a type of
‘value audit’, which can reveal the values consistent with an implemented policy. These
values can then be compared to the values of constituents, or the stated objectives of
policymakers.

The same technique can be used prospectively, to help policy designers iteratively

improve the alignment between their values and the values implied by the policies they
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adopt. This requires a first step that estimates how much different households would
benefit from the policy. In the PROGRESA case, for example, we use data from the
first phase of the program roll-out to estimate treatment effect heterogeneity; these
results are shown in Figure 2. Then, for any prospective policy proposal — which
need not be implemented — our method can be used to estimate welfare parameters
implied by that proposed policy. For instance, column 2 of Table 2 illustrates how
a 2003 update to the original PROGRESA poverty score placed higher weight on
wealthier households. Finally, the method can help course-correct, to better align
future policies with stated preferences. In our example, this is most directly illustrated
in Table 3, which shows the policies that would result from counterfactual preferences.

The method can be applied in a variety of settings. For instance, medical inter-
ventions are often scarce; given knowledge about the heterogeneous effects of these
treatments, our approach can provide insight into the welfare weights implied by
different proposed allocation policies. Likewise, a marketing agency may be interested
in targeting promotions to customers who are likely to respond along multiple margins,
such as specific purchases or longer-term retention, while also prioritizing specific
consumer segments; our approach can help them translate from a menu of possible
campaigns to the preferences and values implied by each one.

What do these diverse settings have in common? We identify three main elements
that are necessary for our framework to be applied. The first requirement is a practical
one: our framework requires an understanding of the (potentially heterogeneous)
impacts of a policy on one or more outcomes, in order to obtain the A¢;; in the first
estimation step.'® These are easiest to estimate when there is a pilot where treatment is
randomly assigned to a representative subset of the population of interest; this was the
case with PROGRESA, and our analysis in Section 4 shows how to apply the framework

in this canonical setting. Absent a randomized intervention, it may be possible to use

19Note that private parties may desire to allocate treatment to people who have high outcome levels,
rather than those who would see the highest impacts (e.g., an employer may hire candidates who will
have the highest performance, not those whose performance would benefit the most from a job offer).
In such cases, our method could be used with two alterations: the welfare function (equation (1))
would sum only over treated (hired) individuals, and as a result one would replace A?;; in equation (3)
with the predicted outcome that would result if ¢ were treated, v;;(1) = v;; + (1 — T;)Ad;;. If one is
willing to assume that treatment effects do not differ between people (so that most heterogeneity
arises from levels), then one could replace this with an individual’s level v;;, and could use a similar
approach without estimating treatment effects.
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non-experimental methods for estimating treatment effect heterogeneity (e.g., Kent
et al., 2020; Johansson et al., 2018), or even to extrapolate from existing evidence
on heterogeneous treatment of similar policies in similar environments. The second
requirement is that the implementer must define the outcomes and characteristics that
enter into the objective function. This decision has implications for both identification
(as discussed in Section 3.3) and for interpreting the downstream analysis (discussed
in Section 3.4). Third, the framework requires sufficient data and variation to identify

the key parameters of our model, which we discuss next.

5.1 Sample Size Considerations

The sample size requirements for implementing this approach will vary depending on
the amount of heterogeneity, noise, and the complexity of the specification of impact
and welfare weights. Using Monte Carlo simulations, we provide an example of how
error varies with the number of observations used to estimate treatment effects and the
ranking. Online Appendix Table S10 provides estimates of mean absolute error over
differing sample sizes, assuming treatment effects are linear in parameters and using
OLS for the first stage. These simulations suggest that so long as one has a sufficiently
large sample over which to estimate treatment effects, one can substantially improve
precision by simply observing more rankings between households. Since estimating
treatment effects may require running an experiment, such a Monte Carlo exercise can
help inform power calculations to ensure that the design is adequately powered both

for estimating treatment effects and to use our method to evaluate potential policies.

5.2 Interpretation Under Different Scenarios

Certain settings may require additional nuance in implementation and interpretation.

5.2.1 If Only an Allocation is Observed

In many settings, information about the allocation might be more limited than in
our benchmark case where a full ranking is observed. For instance, a tax policy may
only have a small number of brackets, or it may only be possible to observe a binary

allocation. This may reduce the variation available to estimate preferences, but in
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principle our method can still be used. In the PROGRESA example, column 4 of
Online Appendix Table S8 demonstrates that when our method is applied to a binary
allocation (z(x;) = 1{i eligible}), point estimates are similar to those reported in
Table 1. Although the point estimate for indigenous is positive, it is smaller relative
to the other coefficients than would be implied by the decision rule, and its confidence

interval nearly covers zero. Otherwise, most qualitative conclusions are the same.

5.2.2 Continuous Treatment

Our model considers a binary treatment given in rank order. One could extend
the framework to consider instead a treatment T; € [0,00) that may be given in
varying quantities. Estimation would differ in two respects. In the first step, one
would estimate the slope of each component of utility with respect to the continuous

dbi;
e
for the parameters that equate the marginal utility of each household 7 at the observed

treatment (the continuous analogue of Av;;). In the second step, one would solve
transfer amounts T, from the perspective of the policy. For more details see Online

Appendix S1.3.

5.2.3 Externalities

The interpretation of the method’s estimates can change if treating one household

affects another household. We explore two stylized cases of how spillovers could arise:

Altruism ¢ may value the utility of ¢/. Then, if ¢ receives a treatment that ex-
pands their choice set, they may use that opportunity to help i’. For example, a
household receiving a cash transfer may share resources with its neighbors. In Online
Appendix S1.2.1, we derive a formula for AS; that generalizes to choice outcomes
with altruism. This formula includes terms for how treating i affects its transfers to ',
Ad;y, and each outcome j of 7/, Avfﬁ. In the PROGRESA example, there is evidence
that treated households share benefits with untreated households in the same village
(Angelucci and De Giorgi, 2009), mostly through transfers and loans. Such spillovers
would affect the interpretation of our results primarily if they were differential (so
that treating household i would have different spillovers than treating household ¢'); if

each household induced the same spillovers, the interpretation would remain mostly
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the same because the benefit of treating each household is similarly shifted. In the
case of PROGRESA, the experimental design allows only for the estimation of average

spillover effects, so we cannot empirically determine if spillovers were differential.?’

Direct effects i may value the outcomes of ¢/, and thus their treatment status.
For example, school admission may take into account peer effects, or a vaccination
strategy may prioritize some individuals because of their propensity for contagion to
sensitive groups. When outcomes are choices, a policy may wish to correct for each
household undervaluing their impact on others. We derive the general formula for

AS; with such externalities in Online Appendix S1.2.2.

5.2.4 Manipulation

Households may have incentives to manipulate their reported characteristics x; in
order to be prioritized. If the ease of manipulating a characteristic differs between
households in unobserved ways, a policy that anticipates manipulation may place a
weight on it that differs from their preference, to account for manipulation (Frankel
and Kartik, 2018; Bjorkegren et al., 2020). We analyze the initial PROGRESA rule
as was implemented in a pilot, so we expect both manipulation by households, and
anticipation of manipulation by policymakers, to be negligible. However, manipulation
may be relevant in settings where the decision rule is publicized and households
are familiar with it. Extending this framework to invert the preferences implied by

strategy-robust decision rules is an interesting direction for future work.

5.2.5 Nonlinear Utility Functions

One can alternately consider utility functions of general form, u;(v;) from the perspec-

tive of the policy and @;(v;) from the perspective of the household. Then, equation (9)

20Differential spillovers could be estimated with a more nuanced experiment that randomized the
composition of treated households by village: e.g., in some villages treating indigenous households
and others nonindigenous, and tracking how ineligible outcomes compare to those in controls where
no one is treated.

36



generalizes to

ot Ju;
AS; ~w) | S 5 = Lermny - or ) Avy | + iy +a
~ (( z ] (avzj {.7 eﬂchozcﬁ} a,UZJ )J J ¢~77 ( )

~Bj(xi)

The interpretation generalizes from the previous linear case. §; captures the policy’s

marginal valuation of outcome j for nonchoice outcomes ( gT“) For choice outcomes,
9

ou; _ Ouj

v Ov;5

v;, then §;(x;) and «(x;) will correspond to the underlying objects. If they are

it will capture the difference ( ). When 1, and u; are linear functions of
more nuanced functions, they will represent approximations. As we show in Online
Appendix Section S1.4, this linear approximation can affect parameter estimates if the
function actually has curvature. This suggests that one should attempt to measure

outcomes v; in metrics that enter utility approximately linearly.

5.2.6 Heterogeneous Treatment Costs

If the costs of treatment differ between households, the comparisons underlying our
method should be adjusted to account for this difference. For example, a policy might
treat a single high-cost household 7 or a combination of other low-cost households. If

one wishes to hit the budget constraint exactly, this becomes a combinatorial problem.

6 Conclusion

Policy discussions commonly revolve around the mechanics of implementation, rather
than more fundamental notions of utility and welfare weights. This paper demonstrates
a way to invert those discussions. We provide a method to recover the primitives
consistent with observed policies, using a model of preferences in conjunction with
methods for estimating heterogeneous treatment effects, and demonstrate how to
convert between welfare and allocation space.

Our main empirical example illustrates how our method can be used to understand
the priorities of an allocation policy: that is, we estimate the relative value that
PROGRESA placed on different household outcomes (e.g., education vs. health),

and calculate the implied welfare weights assigned to different types of households
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(e.g., poor vs. indigenous households). We show how this framework can be applied
to evaluate the policies that would be implied by counterfactual preferences, such
as different relative valuations of household outcomes. Beyond social assistance and
welfare policy, we expect that this framework will be relevant to a much broader range
of contexts where there is interest in understanding the values implied by a policy or
allocation, and in designing policies to better align with values.

This framework could be used in several ways. To begin, it could be used to
characterize the realized allocations of an existing program, to provide an indication
of the preferences they imply. This, in turn, can provide a way to audit existing
programs, to help hold policymakers accountable for past decisions — and in particular,
to evaluate whether an implemented allocation reflects the stated goals of the policy,
or the preferences of constituents. Perhaps most importantly, this approach can be

used to adjust proposed policies to better align with those goals.

Data Availability Statement

The data and code underlying this research are available on Zenodo at https://dx.
doi.org/10.5281/zenodo.15557913.
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