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Abstract: Welfare analysis of policy interventions is ubiquitous in economic research. It plays

an important role in merger analysis and antitrust litigation, design of tax and subsidy programs

and informs the current debate on a universal basic income. In this paper, we provide a survey of

existing empirical methods, based on cross-sectional micro-data, for calculating welfare-effects and

deadweight loss resulting from realized or hypothetical policy change. We briefly outline classical

parametric methods that are computationally tractable, and then discuss recently developed non-

parametric approaches in greater detail. The latter avoid imposing statistical and functional-form

restrictions on individual preferences. This makes the welfare estimates theoretically more credible,

and clarifies exactly what welfare-relevant information is contained in demand distributions in var-

ious choice settings. However, these methods also demand greater in-sample variation in the data

for practical implementation than classical parametric approaches. We then cover settings with

externalities. The above results are theoretical, and take the demand function as known; therefore,

we briefly discuss empirical problems around the estimation of demand itself and of welfare based

on it. We conclude by suggesting areas for future research.
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1 Introduction

Econometric program evaluation has become central to policy analysis in modern economics. The

corresponding academic literature on identification of treatment effects (Heckman-Vytlacil 2007)

and on optimal policy targeting (Manski 2004) has focussed on functionals of outcome distribu-

tions as the key object of interest for policy evaluation, while the problem of measuring program

effects on unobservable utilities of individuals has been somewhat neglected in the econometric

literature. For example, a school tuition subsidy program in a developing country would typically

be evaluated in the econometric tradition via its “treatment effect” on aggregate enrolment, and

the treatment choice problem would address the question of how to target a limited amount of

subsidy funds to maximize this aggregate (Bhattacharya-Dupas 2012, Kitagawa-Tetenov 2018 and

references therein). This approach neglects the question of how much and how differently do the

individuals themselves value the subsidy —determined by their willingness to pay for school —and

what is the subsidy’s effect on aggregate utility, possibly weighted by the government’s distribu-

tional preferences. In particular, consider a household that is both eligible for the subsidy, and

would send their child to school irrespective of receiving any subsidy. Such a household would

contribute nothing to the average treatment effect because receiving the subsidy will not change

its schooling decision. But access to subsidized tuition would let them save the tuition expendi-

ture and therefore increase their utility. These effects are missed if one focuses only on the effect

of treatment on the outcome. Secondly, in many practical settings, multiple related outcomes of

policy-interest are likely to be affected by a single intervention. For example, a price subsidy for

mosquito-nets (Dupas 2014) can be evaluated in terms of aggregate take-up of nets, incidence of

malaria, school absence of children and so forth. A welfare-based approach provides a natural way

to aggregate these separate effects via how they determine the households’overall willingness-to-pay

for the mosquito-net. Third, price-interventions for redistributions are often politically motivated.

Effi ciency-costs of such policies to society are therefore important metrics of political assessment.

Indeed, there is a large theoretical literature on social choice in welfare economics and a similarly

rich body of theoretical research in public finance on optimal taxation and project evaluation where

individual preferences play a central role. But attempts to bring these theories to real data, which

inevitably involve dealing with unobserved heterogeneity in individual preferences, were relatively

rare until recently.

The present survey provides an overview of nonparametric methods for empirical welfare analysis

for a population with heterogeneous preferences. In contrast to classical parametric approaches,

these methods avoid traditional functional-form assumptions, e.g. quasilinear utilities and income-

effects, additive extreme-value distributed unobserved heterogeneity etc. It turns out that in many

choice settings of practical importance, once the entire demand function is known or consistently

estimated, fully nonparametric point-identification of welfare is possible without any restriction on

preference heterogeneity; in other settings, one may only obtain bounds. From a theoretical angle,
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these results clarify what welfare relevant information is in fact contained in estimable demand

functions under restrictions coming only from economic theory. A key finding from these results

is that it is typically unnecessary to recover properties of underlying preferences from demand in

order to conduct welfare analysis. The demand function itself is suffi cient for that purpose. This

insight pervades most of the results discussed here.1 Note, however, that the welfare expressions

are functionals of the underlying average demand, whose nonparametric identification/estimation

requires greater variation of price and income in the data than traditional parametric approaches.

Our survey has the following structure. Each numbered line denotes a separate section. Sections

2-5 show how to obtain the expressions for welfare in terms of the structural demand function in

different choice settings, i.e. how to calculate welfare if the underlying demand functions were

known. Section 6 discusses identification of the demand function itself and practical data issues in

estimating welfare from demand.

2 Discrete/Multinomial Choice

2.1 Parametric approach: McFadden’s (1973) multinomial logit and Berry-Levinsohn-Pakes

(1995)

2.2 Nonparametric approach

2.2.1 Multinomial choice: welfare evaluation of

A. Price changes

B. Elimination/introduction of alternatives

C. Quality change

2.2.2 Bundles, e.g. choice of package consisting of cable TV and/or broadband internet

etc.

2.2.3 Ordered choice, e.g. educational attainment (primary school, high school, college

etc.)

3. Continuous choice

4. Empirical analysis of “social”welfare i.e. aggregate indirect utility, and optimal treatment

allocation for maximizing it under budget constraints

4.1 Bergson-Samuelson social welfare under heterogeneity

4.2 Marginal welfare analysis

4.3 Social welfare in discrete choice settings
1This is reminiscent of Marschak (1953) who noted that “...for many problems of policy analysis, it is not necessary

to identify fully specified structural models. All that is required to conduct many policy analyses... are policy invariant

combinations of the structural parameters that are often much easier to identify than the individual parameters

themselves and that do not require knowledge of individual structural parameters”(see Heckman 2011).
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4.3.1 The Daly-Zachary-Williams theorem

4.3.2 Bhattacharya-Komarova (2022)

4.3.3 Binary choice

4.3.4 Optimal treatment allocation

4.3.5 Connection with Hicksian compensation

4.4 Ordered discrete choice and the continuous case

5. Welfare analysis under social interactions, e.g. welfare evaluation of health product subsi-

dies when individual benefit from adoption depends on neighborhood adoption rate, causing

targeted subsidies to have spillover effects

6. Identification and practical data issues in implementing welfare calculations with micro data,

including (i) bounded support and shape restrictions, (ii) interval reporting of income, (iii)

unobservability of price, and (iv) endogeneity of price/income

7. Future directions

(a) Uncertainty and Insurance

(b) Intra-household considerations

(c) Nonlinear pricing

(d) “Behavioral”welfare analysis

(e) Using novel data sources

Two settings that are not included in the survey are (a) dynamic choice, which raises a host of

unique definitional and behavioral questions with regard to welfare analysis, and also require the

use of panel —as opposed to cross-sectional —data, and (b) contingent valuation methods based on

the “stated preference”approach (Hanemann 1984), as opposed to the ‘’revealed preference”one,

on which the present survey is based. In the “stated preference”approach, individuals’hypothetical

willingness to pay for a proposed policy intervention is elicited via direct surveys, without data on

actual behavior, as in the revealed preference methods. Economists have long been sceptical of

this approach (Diamond-Hausman 1994), but it can be useful in two situations: (a) when realized

policy variation is rare or nonexistent in the data and (b) when the goods under consideration

are publicly rather than privately consumed, e.g. green spaces and recreation sites, for which

typically no financial transaction data are usually available. We end this introduction by noting

that a previous survey by Slesnick (1998) covers some of the social choice-theoretic issues and

philosophical debates underlying common welfare measures and their aggregation, which are only

briefly alluded to in the present survey.
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2 Discrete choice

Formal econometric analysis of discrete choice, starting with McFadden (1974), incorporated wel-

fare analysis as one of its goals. In the subsequent literature, welfare analysis was based on either

restrictive assumptions on preference heterogeneity, e.g., quasilinear preferences implying absence

of income-effects and equality of Hicksian and Marshallian welfare (Domencic-McFadden 1975,

Small-Rosen 1981), or parametrically specified utility functions and heterogeneity distributions,

(McFadden 1981, Herriges-Kling 1999, Petrin 2002, Dagsvik-Karlstrom 2005). A particularly wide-

spread practice in applied work has been to use the so called logsum formula, (Small-Rosen 1981

and Train 2009, Anderson et al. 1992), which relies on strong parametric assumptions regarding

both preferences and heterogeneity. Two key concerns with such parametric analyses are (i) model

mis-specification leading to erroneous substantive conclusions, and (ii) identification of welfare dis-

tributions from functional form assumptions alone. Berry-Haile (2016, 2021), building on earlier

results of Matzkin (2016), investigated non- and semiparametric identification of preference para-

meters in discrete choice models, but imposed quasilinear preferences when investigating welfare

analysis. More recently, Bhattacharya (2015, 2018) derived some nonparametric results on empir-

ical welfare analysis under general heterogeneity. These results show that in many —but not all

— empirically relevant, discrete choice settings, welfare can be recovered nonparametrically from

choice probabilities without restricting preference heterogeneity or functional form of (cardinal)

utilities. In other cases, restrictions from the economic theory of utility maximization by budget-

constrained consumers lead to bounds on average welfare and deadweight loss (cost of intervention

less aggregate welfare change) In what follows, we provide a comprehensive exposition of the above

points.

2.1 Parametric approach

We begin by describing some of the common parametric methods of demand and welfare analysis

in multinomial choice models.

The classic McFadden model of multinomial choice consists of a setup with J mutually exclusive

alternatives. The utility of consumer i from choosing alternative j is given by Uij = V (Xi, Zji; θ)+

εij where Xi, Zji refer to observable characteristics of individual i and of alternative j faced by i

respectively, V (·, ·, ·) is a function with known functional form indexed by an unknown parameter

vector θ, and εij is the unobservable (to the econometrician) component of utility with (εi1, ..., εiJ)

being I.I.D. across i and following a Type 1 extreme value distribution. The dataset consists of n

cross-sectional observations, where for each i = 1, ..., n, one observes the choice made by i among

the J options and the characteristics of i and the characteristics zji for each j = 1, ..., J faced by

i. Typically, it is assumed that V (Xi, Zji; θ) is linear in xi, zji with −α (an element of θ) denoting
the coeffi cient of price of alternative j. One usually refers to α as the marginal utility of income

which, like all the other coeffi cients, is assumed to be identical for all consumers. In this set up,
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the observable choice probabilities have the familiar multinomial logit form

Pr
[
j|Xi = x, (Z1i, ..., ZJi) =

(
z1, ..., zJ

)]
=

exp
(
V
(
x, zj ; θ

))∑J
k=1 V (x, zk; θ)

which gives rise to a likelihood function and θ can be estimated by MLE. The functional form

assumptions above imply that

E

[
max
j

{
V
(
xi, z

j ; θ
)

+ εij
}]

=
1

α
ln

 J∑
j=1

exp(V
(
x, zj ; θ

)+ C

where C is a constant. Now, if a policy intervention changes the characteristic vector from
{
zj0
}
,

j = 1, ..., J0 to
{
zj1
}
, j = 1, ..., J1, then the resulting change in consumer surplus is given by

1

α

ln

 J1∑
j=1

exp(V
(
x, zj1; θ

)− ln

 J0∑
j=1

exp(V
(
x, zj0; θ

) ,
which is the well-known "logsum" formula derived in Small-Rosen (1981). The fact that J0 need

not equal J1 reflects that the above expression covers the change in the number of alternatives as

well. However, this formula depends on a large number of parametric assumptions, some of which

are testable, e.g. the extreme value errors and the implied restrictive property of independence of

irrelevant attributes (Hausman-McFadden 1984, Small-Hsiao 1985), additive errors (Bhattacharya

2021), quasilinear utilities and lack of income-effects, etc. Trajtenberg (1989) used the above spec-

ification to compute welfare effects of CT scanners in US hospitals. McFadden (1981) introduced

more flexible parametric specification where coeffi cients of characteristics in V (·, ·, ·) were allowed
to vary randomly across individuals.

Berry-Levinsohn-Pakes (1995) extended the McFadden model to a setting where only aggregate

data on sale of J different varieties of a product are available from a cross-section of markets. In

each market, one observes the characteristics of each variety including its price and its share among

the total sale of all J varieties. A substantive extension offered in BLP is to allow for unobservable

product characteristics and demand shocks which can vary across markets. The latter are likely to

make prices endogenous, and BLP developed methods to instrument for this and obtain consistent

estimates of the preference parameters using the assumed extreme value distribution of additive

idiosyncratic unobservables.

Based on the BLP method, Petrin (2002) measured the welfare effects of introduction of mini-

vans in the US automobile market via the compensating variation in a fully parametric model and

using micro data on consumers. He retained the extreme value distributed errors and allowed for

income-effects by replacing the term −αpj in V (xi, zj ; θ) to −αi ln (yi − pj) where yi refers to indi-
vidual i’s income and αi, which measures how utility depends on the numeraire, is allowed to take

three distinct values depending on yi. He calculated the expected compensating variation under

these assumptions, and found them to be much smaller and more robust to parametric distribu-

tional assumptions than those obtained using only aggregate market data. Herriges-Kling (1999),
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on the other hand, provided computationally intensive bounds on welfare estimates of price changes

in the recreational fishing industry in California by generalizing the canonical extreme value er-

rors to the Generalized Extreme Value (GEV) distribution and allowing for income-effects using a

similar expression as Petrin’s. Both these studies were fundamentally parametric and the identifi-

cation of the relevant welfare distribution followed from identification of the underlying structural

parameters via maximum likelihood in fully parametric models.

2.2 Nonparametric approach

We now move to the main focus of this survey namely the nonparametric approach to welfare

analysis covering the more recent developments in this literature.

2.2.1 Multinomial choice

Consider a standard multinomial choice setting with J alternatives indexed by j, the price vector p

and income y. Economic applications usually require welfare analysis of three different types of eco-

nomic changes in this setting, namely (a) price changes, (b) addition or elimination of alternatives

to the individuals’choice sets, and (c) quality change.

Let Uj (y − pj , η) denote the utility from buying alternative j at price pj , with η denoting

(unrestricted) unobserved preference heterogeneity. Define the structural choice probability for

alternative j evaluated at price vector p and income y, denoted {qj (p, y)}, j = 1, ..., J , as

qj (p, y) = Pr η

[
Uj (y − pj , η) > max

k 6=j
{Uk (y − pk, η)}

]
defn.

=

∫
1

{
Uj (y − pj , r) > max

k 6=j
{Uk (y − pk, r)}

}
dFη (r) , (1)

where Pr η refers to probability calculated with respect to the marginal distribution of η. In words,

if we randomly sample individuals from the population, and offer the price vector p and income

y to each sampled individual, then a fraction qj (p, y) will choose alternative j, in expectation.

Throughout this section, we will maintain the following assumption which states that preferences

are non-satiated with respect to the numeraire. Note that this assumption leaves the dimension of

heterogeneity completely unspecified, and says nothing about how utility changes with unobserved

heterogeneity.

Assumption 1 Assume that for each η and for each j = 1, ..., J , the utility function Uj (·, η) is

continuous and strictly increasing.

We now state expressions for welfare effects of three common economic changes in the above set-

ting, namely, price changes, elimination/addition of alternatives and change in product attributes.

These expressions characterize the distribution of welfare, or bounds on it, in terms of the choice

probability function qj (p, y). Therefore, once the qj (·, ·)’s are identified on the support of price
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and income (discussions on identification of qj (·, ·) is postponed to Section 6 below), so are the
welfare distributions.

A. Price change Consider a price change from p0 ≡ (p10, p20, ..., pJ0) to p1 ≡ (p11, p21, ..., pJ1).

Assume without loss of generality that

pJ1 − pJ0 ≥ pJ−1,1 − pJ−1,0 ≥ ... ≥ p11 − p10. (2)

Then the equivalent variation at income y for an η type consumer is the income reduction S in the

initial situation that would lead to attainment of the indirect utility achieved at the final prices.

Formally, the Hicks-Kaldor (Hicks 1943, Kaldor 1939) equivalent variation is the solution S to the

equation:

max {U1 (y − p11, η) , U2 (y − p21, η) , ..., UJ (y − pJ1, η)}

= max {U1 (y − S − p10, η) , U2 (y − p20 − S, η) , ..., UJ (y − pJ0 − S, η)} . (3)

Similarly, the compensating variation is the income compensation in the eventual situation neces-

sary to restore the initial indirect utility; formally, the compensating variation is the solution S to

the equation:

max {U1 (y + S − p11, η) , U2 (y + S − p21, η) , ..., UJ (y + S − pJ1, η)}

= max {U1 (y − p10, η) , U2 (y − p20, η) , ..., UJ (y − pJ0, η)} . (4)

The value of S solving (3) or (4) can take negative values if one or more of the final prices are lower

than their initial counterparts.

As η varies in the population, the compensating variation and equivalent variation will have

a distribution across consumers. The following theorem from Bhattacharya (2018) establishes the

CDF of the compensating variation in terms of the structural choice probability function.2

Theorem 1 Consider the multinomial choice setup with J exclusive alternatives. Consider a price

change from p0 ≡ (p10, p20, ..., pJ0) to p1 ≡ (p11, p21, ..., pJ1) satisfying (2). Denote pj1 − pj0 by
∆pj for j = 1, ..., J . Under assumption 1, the marginal distribution of the individual equivalent

2 It is implicit here that the price changes do not alter the distribution of heterogeneity, e.g. a large tuition subsidy

in a district might attract outsiders with a strong preference for education to migrate in, altering the distribution of

preferences relative to the status-quo. In other words, the price changes considered here are assumed to be modest

enough to have no impact on the distribution of η, as is implicitly assumed in this literature.
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variation evaluated at income y is given by

Pr (EV ≤ a)

=



0 if a < ∆p1,∑j
k=1 qk

(
p11, ..., pj1,

pj+1,0 + a, ..., pJ0 + a, y

)
if ∆pj ≤ a < ∆pj+1, a ≥ 0, 1 ≤ j ≤ J − 1,

∑j
k=1 qk

(
p11 − a, ..., pj1 − a,
pj+1,0, ..., pJ0, y − a

)
if ∆pj ≤ a < ∆pj+1, a < 0, 1 ≤ j ≤ J − 1,

1 if a ≥ ∆pJ ,

(5)

while that of the individual compensating variation evaluated at income y is given by

Pr (CV ≤ a)

=



0 if a < ∆p1,∑j
k=1 qk

(
p11, ..., pj1,

pj+1,0 + a, ..., pJ0 + a, y + a

)
if ∆pj ≤ a < ∆pj+1, a ≥ 0, 1 ≤ j ≤ J − 1,

∑j
k=1 qk

(
p11 − a, ..., pj1 − a,
pj+1,0, ..., pJ0, y

)
if ∆pj ≤ a < ∆pj+1, a < 0, 1 ≤ j ≤ J − 1,

1 if a ≥ ∆pJ ,

(6)

where qks are defined above in equation (1). (The separate entries for a ≥ 0 and a < 0 in each line

of (5) and (6) arise from accommodating rise and fall of prices, respectively).

The proof of this result starts with the observation that the RHS of (4) is strictly increasing

and continuous in S, by Assumption 1. Therefore, the event S ≤ a is equivalent to the event

max {U1 (y − p10, η) , U2 (y − p20, η) , ..., UJ (y − pJ0, η)}

≤ max {U1 (y + a− p11, η) , U2 (y + a− p21, η) , ..., UJ (y + a− pJ1, η)} . (7)

Now, depending on where a lies within the ordered set {∆pJ ≥ ∆pJ−1 ≥ ... ≥ ∆p1}, we get the
different cases that appear in (6). For example, if ∆p1 ≤ a < ∆p2, then (7) reduces to

max {U2 (y − p20, η) , ..., UJ (y − pJ0, η)} ≤ U1 (y + a− p11, η)

⇔ max {U2 (y + a− (p20 + a) , η) , ..., UJ (y + a− (pJ0 + a) , η)} ≤ U1 (y + a− p11, η)

whose probability equals q1 (p11, p20 + a, ...pJ0 + a, y + a).

The above distributional results cover positive, zero and negative price changes. For example,

in the 3-alternative case, suppose alternative 2 is the outside option with price p21 = p20 = 0, and

∆p1 < 0 < ∆p3, then (5) becomes

Pr (EV ≤ a) =


0 if a < ∆p1,

q1 (p11 − a, 0, p30, y − a) if ∆p1 ≤ a < 0,

q1 (p11, 0, p30 + a, y) + q1 (p11, 0, p30 + a, y) if 0 ≤ a < ∆p3,

1 if a ≥ ∆p3.

(8)
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The expected welfare change and deadweight loss follow directly from the CDF. For example,

if (8) results from a subsidy |∆p1| on alternative 1, and a tax ∆p3 on alternative 3, then

E(Deadwt_Loss) = E (EV )−∆p1 × q1 (p11, 0, p31, y)−∆p3 × q3 (p11, 0, p31, y + ∆p3) ,

where E (EV ) can be calculated directly from (8) using the well-known result that for a random

variable X with CDF F (·) and finite mean,

E (X) =

∫ ∞
0

(1− F (x)) dx−
∫ 0

−∞
F (x) dx.

The expressions derived above have been used in several recent empirical studies, e.g. Hninn

et al. 2017 to evaluate a water improvement policy in Myanmar, Kroft et al. (2020) who compute

the rents arising from imperfect competition in the US construction industry and Kamat-Norris

(2021), who calculate welfare effects of school vouchers in Washington DC.

B. Elimination of an alternative Consider a setting of multinomial choice among exclusive

alternatives {1, ..., J + 1}. Suppose the alternative J + 1 is eliminated subsequently, which can

potentially affect consumer welfare by both restricting the choice set and also by affecting the

prices of other alternatives. Assume that we have data on a cross-section of individual choices in

the pre-elimination situation. We wish to calculate the distribution of Hicksian welfare effects (i.e.

compensating and equivalent variation) that would result from eliminating the J + 1st alternative.

Applied researchers typically use the idea that eliminating an alternative is like raising its price

to infinity, and thereafter use the welfare formulae for price change to evaluate welfare effects of

eliminating an alternative. Our analysis below provides a formal justification for this approach,

and shows that it is valid only when prices of other alternatives do not change and when one is

interested in the equivalent variation.

Toward that end, consider the same set up as the multinomial case above with J+1 alternatives.

The problem is to find the distribution of welfare effects across such individuals resulting from

potentially eliminating alternative J + 1. Suppose from an initial price vector (p10, ..., pJ0, pJ+1),

following elimination of the J + 1st alternative, the eventual price vector becomes (p11, ..., pJ1).

The marginal distributions of equivalent variation and compensating variation resulting from this

change are given by the following corollary.

Corollary 1 Suppose Assumption 1 holds for all alternatives. Also assume that for any bundle

(j, y − pj), if pj ↑ ∞ with prices of other alternatives finite, then for each η at least one other

bundle (k, y − pk) will be strictly preferred to (j, y − pj). Let qk (·, ..., ·, y) be as defined in (1), with
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J + 1 alternatives. Then

Pr (CV ≤ a)

=



0 if a < ∆p1,

∑j
k=1 qk


p11, ..., pj1,

pj+1,0 + a, ..., pJ0 + a, pJ+1 + a,

y + a

 , if ∆pj ≤ a < ∆pj+1, j = 1, .., J − 1, a ≥ 0,

∑j
k=1 qk

(
p11 − a, ..., pj1 − a,
pj+1,0, ..., pJ0, pJ+1, y

)
, if ∆pj ≤ a < ∆pj+1, 1 ≤ j < J − 1, a < 0,

1− qJ+1 (p11, ..., pJ1, pJ+1 + a, y + a) , if ∆pJ ≤ a, a ≥ 0,

1− qJ+1 (p11 − a, ..., pJ1 − a, pJ+1, y) , if ∆pJ ≤ a < 0.

(9)

On the other hand,

Pr (EV ≤ a)

=



0 if a < p11 − p10,∑j
k=1 qk

(
p11, ..., pj1,

pj+1,0 + a, ..., pJ0 + a, pJ+1 + a, y

)
, if ∆pj ≤ a < ∆pj+1, j = 1, .., J − 1, a ≥ 0,

∑j
k=1 qk

(
p11 − a, ..., pj1 − a,

pj+1,0, ..., pJ0, pJ+1, y − a

)
, if ∆pj ≤ a < ∆pj+1, 1 ≤ j < J − 1, a < 0,

1− qJ+1 (p11, ..., pJ1, pJ+1 + a, y) , if ∆pJ ≤ a, a ≥ 0,

1− qJ+1 (p11 − a, ..., pJ1 − a, pJ+1, y − a) , if ∆pJ ≤ a < 0.

(10)

As in the previous theorem, the pairs of results for a < 0 and a ≥ 0 correspond to which

existing alternatives have become more and less expensive, respectively, following the elimination

of the J+1st alternative. Also, note that in order to calculate the probabilities appearing in theorem

2, we need to observe adequate cross-sectional variation in the price of all J + 1 alternatives in the

pre-elimination period. This can be viewed as the additional cost of nonparametric methods relative

to tractable and parsimonious parametric approaches where identification of (finite-dimensional)

parameters typically requires only minimal price/income variation.

Corollary 2 If elimination of the alternative has no effect on prices of the other alternatives, then

pj1 = pj0 for all j = 1, ..., J , and the above results simplify to

Pr (CV ≤ a) =

{
0 if a < 0,

1− qJ+1 (p10, ..., pJ0, pJ+1 + a, y + a) if 0 ≤ a.
(11)

Pr (EV ≤ a) =

{
0 if a < 0,

1− qJ+1 (p10, ..., pJ0, pJ+1 + a, y) if 0 ≤ a.
(12)
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The corresponding average values are given by

E (CV ) =

∫ ∞
pJ+1

qJ+1 (p10, ..., pJ0, r, y + r − pJ+1) dr, (13)

E(EV ) =

∫ ∞
pJ+1

qJ+1 (p10, ..., pJ0, r, y) dr, (14)

using the change of variable r = pJ+1 + a.

The expression (14) is commonly used as a measure of the welfare effect of introducing a new

product. Thus it follows from the above discussion that if elimination of the alternative entails no

price change for the other alternatives, then the commonly used expression happens to equal the

mean EV, but ceases to be so if one is interested in the mean CV, or prices of substitutes also

change.

In order to calculate the above expressions nonparametrically, a researcher needs to observe

demand up to the price where the choice probability becomes zero. Typically, in a dataset, one is

unlikely to observe such prices, since producers have no incentive to raise prices where revenue is

zero. But then one can obtain a lower bound for E (CV ) by integrating up to the highest price

observed in the dataset where demand from consumers is non-zero. This is in contrast to the case of

price changes for multiple alternatives, reported in equation (5) above, where welfare distributions

are nonparametrically identified as long as the hypothetical price changes are within the range of

the observed price data. Of course, for parametric choice probabilities, e.g. random coeffi cient logit,

expressions like (14) are identified directly from functional form assumptions. While this may be

viewed as a practical advantage of parametric approaches, it is not clear that these parametrically

obtained point-estimates (as opposed to nonparametrically obtained bounds) are reliable, due to the

theoretically unjustified assumptions underlying their specification, e.g. extreme value distributed

unobservables.

New good: Note that the above expressions can be used for retrospective calculation of wel-

fare distributions corresponding to introduction of a new alternative, simply by interchanging the

labels of equivalent variation and CV. Here "retrospective" means that we have consumption data

from both before and after the product has been introduced. In particular, suppose that starting

with the set of options {1, ..., J}, the alternative J + 1 is introduced subsequently, which changes

prices from (p11, ..., pJ1) to (p10, ..., pJ0, pJ+1). Suppose that we have data on a cross-section of

individual choices in the pre-introduction and from another cross-section in the post-introduction

situation. Then the distribution of the equivalent variation and compensating variation resulting

from introduction of alternative J + 1 are given by (9) and (10), respectively.

C. Quality change We now consider welfare calculation when characteristics of a choice alter-

native changes. For example, in transportation choice settings, increasing the frequency of buses

would raise every individual’s utility from choosing the bus option, as opposed to driving or walk-

ing. These characteristics, unlike prices, do not appear as additive components of net income inside
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utilities. The additivity of price, resulting from the budget constraint, was instrumental in deriving

the results of the previous section. Therefore, welfare analysis of changes in characteristics would

require a different result.

To keep the exposition transparent, we will focus on binary choice, generalization to the multino-

mial case is straightforward. Accordingly, suppose an individual at income y and preference η is

choosing between two options 0 and 1, with utilities given by U0 (y, η) and U1 (y − p, x, η), where

x represents a vector of characteristics of option 1. For example, in the transportation example,

option 0 is walking, option 1 is taking the bus, p is the bus fare, and x is the frequency of the

bus service. Define the structural choice probability of choosing the bus at price p, income y and

frequency x as

q1 (p, y, x) =

∫
1 {U1 (y − p, x, r) > U0 (y, r)} dFη (r) , (15)

where Fη (·) represents the marginal distribution of unobserved heterogeneity. Analogous to as-
sumption 1 above, suppose that

Assumption 2 For each x and η, U1 (·, x, η) is strictly increasing and continuous; additionally,

for each η, U0 (·, η) is strictly increasing and continuous.

Now, suppose from an initial price p0 and initial quality x0, the price and attribute change to p1

and x1, respectively. The individual compensating variation resulting from this change is defined

by the solution S to the equation

max {U0 (y, η) , U1 (y − p0, x0, η)} = max {U0 (y + S, η) , U1 (y + S − p1, x1, η)} . (16)

It turns out that the distribution of S cannot be non-parametrically identified from knowledge

of the structural choice probabilities. Bhattacharya (2018) establishes this via a counter-example

where two different distributions of η produce identical choice probabilities at each (p, y) but the

distribution of the compensating variation is different in these two cases.

One can, however, construct bounds on these distributions. To see where these bounds come

from, note from (16) and Assumption 2, that for a < 0

Pr (CV ≤ a)

= Pr


max {U0 (y, η) , U1 (y − p0, x0, η)}

≤ max

U0

y + a︸ ︷︷ ︸
<y

, η

 , U1 (y + a− p1, x1, η)




= Pr [max {U0 (y, η) , U1 (y − p0, x0, η)} ≤ U1 (y + a− p1, x1, η)] .

The Frechet upper bound on this is given by

min

{
Pr [U0 (y, η) ≤ U1 (y + a− p1, x1, η)] ,

Pr [U1 (y − p0, x0, η) ≤ U1 (y + a− p1, x1, η)]

}

= min

{
q1 (p1 − a, y, x1) ,

Pr [U1 (y − p0, x0, η) ≤ U1 (y + a− p1, x1, η)]

}
.
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The ultimate upper bound comes from a lower bound on Pr [U1 (y − p0, x0, η) > U1 (y + a− p1, x1, η)],

obtained using

Pr [U1 (y − p0, x0, η) > U1 (y + a− p1, x1, η)]

≥ max
y′

Pr
[
U1 (y − p0, x0, η) ≥ U0

(
y′, η

)
≥ U1 (y + a− p1, x1, η)

]
,

and then applying Frechet bounds to this.

Weak Separability and point-identification: It turns out that a restriction on preferences,

far short of fully parametric specifications, can yield point-identification of welfare distributions

for quality change. This is where the utility from alternative 1 is weakly separable in unobserved

heterogeneity, i.e., U1 (y − p, x, η) ≡ V1 (h1 (y − p, x) , η), where V1 (·, η) is strictly increasing for

each η, and h1 (·, ·) is continuous and strictly increasing in the first component. A special case

of weak separability, where the functional form of h1 (·, ·) is assumed known up to estimable real
parameters is the familiar "index restriction", widespread in the semiparametrics literature. Weak

separability has been used previously in econometrics for identifying effects of endogenous dummy

variables (Vytlacil-Yildiz 2008) and nonlinear hedonic models (Heckman et al. 2010, Theorem 3.1),

while index restrictions have been used for achieving identification in general demand systems,

(Berry-Haile 2015).

Now consider a change from (p0, x0) to (p1, x1) satisfying the following condition:

Condition S: Assume that the change from (p0, x0) to (p1, x1) is small enough that there exists

a finite a satisfying

h1 (y + a− p1, x1) = h1 (y − p0, x0) .

This basically says that the quality and price change are not so large that no amount of com-

pensation can restore the utility from consuming alternative 1 to the pre-change level for any η.

Proposition 1 Suppose weak separability holds. Consider a change from (p0, x0) to (p1, x1) sat-

isfying condition (S). Then there is a unique ā that solves q1 (p1 − ā, y, x1) = q1 (p0, y, x0). Fur-

thermore, the distribution of individual compensating variation resulting from this change is point-

identified from the structural choice probabilities, and it is given by the following expressions:

If ā ≤ 0, then

Pr (S ≤ a) =


0, if a < ā,

q1 (p1 − a, y, x1) , if ā ≤ a < 0,

1, if a ≥ 0.

If ā > 0, then

Pr (S ≤ a) =


0, if a < 0,

q0 (p0 + a, y + a, x0) , if 0 ≤ a < ā,

1, if a ≥ ā.

See Bhattacharya (2018) for a proof.
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2.2.2 Bundles and Complements

In many practical settings consumers have to choose among bundles of non-exclusive options (Hen-

del 1999). For example, suppose option 1 is a sports package offered by a cable TV network

which costs P1 and choice 2 is a movie package which costs P2. A household with income Y and

preferences η then faces a choice among four exclusive bundles —{1} , {2} , {1, 2} , {0} (where {0}
denotes choosing none of the two packages) with respective utilities U1 (Y − P1, η), U2 (Y − P2, η),

U12 (Y − P1 − P2, η) and U0 (Y, η), respectively. In this setting, Bhattacharya (2018) shows that

for a change in price of one alternative, welfare distributions are point-identified, but for changes

in both prices, they are not.

To see why, consider the compensating variation corresponding to a rise in the price of the

sports package from p10 to p11 with the price of the movie package fixed at p2. The compensating

variation evaluated at income Y = y is the solution to the equation

max

{
U0 (y + CV, η) , U1 (y + CV − p11, η) ,

U2 (y + CV − p2, η) , U12 (y + CV − p11 − p2, η)

}

= max

{
U0 (y, η) , U1 (y − p10, η) ,

U2 (y − p2, η) , U12 (y − p10 − p2, η)

}
. (17)

Now, group option {1} and {1, 2} together (call it group A) and options {0} and {2} together
and call it group B. Define

ε
def
= (p2, η)

VA (y − p1, ε)
def
= max {U1 (y − p1, η) , U12 (y − p1 − p2, η)} ,

VB (y, ε)
def
= max {U0 (y, η) , U2 (y − p2, η)} .

Then (17) becomes

max {VA (y + CV − p11, ε) , VB (y + CV, ε)} = max {VA (y − p10, ε) , VB (y, ε)} . (18)

If the U functions are strictly increasing in the first argument for each η, then so are VA (·, ε) and
VB (·, ε) for each ε. Now we can apply Theorem 1 above to get the marginal distribution of the

compensating variation, which is given by

Pr (CV ≤ a) =


0 if a < 0,

q0 (p10 + a, p2, y + a) + q2 (p10 + a, p2, y + a) , if 0 ≤ a < p11 − p10,

1 if a ≥ p11 − p10.

(19)

However, if both P1 and P2 change in the above setting, the marginal distribution of the

resulting compensating variation is no longer point-identified. This was shown by Bhattacharya

(2018) through a counter-example similar to the quality change case above, where two different

joint distribution of random coeffi cients produce identical choice probabilities at each price and

income but different expressions for the compensating variation distribution.
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2.2.3 Ordered Choice

The multinomial choice scenario described above may be contrasted with a situation of ordered

choice, i.e., where a good can be bought in discrete units of 0, 1, 2, etc. and the per unit price

is the same, no matter how many units are bought, so that a change in the unit price changes

the price of all non-zero alternatives simultaneously. From the identification point-of-view, uniform

unit-price restricts the number of choice-sets on which we can observe the consumers’behavior,

relative to the multinomial case where prices of different alternatives can vary independently of

each other. Continuous choice, considered in Hausman-Newey (2016), can be viewed as a limiting

case of ordered choice with uniform unit price. To see the identification failure, let U0 (y, η),

U1 (y − p, η) and U2 (y − 2p, η) denote the utility from buying 0, 1 or 2 units of a good respectively,

where p denotes the (uniform) unit price and the household’s income is y. A second feature that

distinguishes ordered choice from the multinomial case is that under non-satiation in the discrete

good, we must have for any a > 0, Pr [U1 (a, η) < U2 (a, η)] = 1, i.e. if one had the same amount

a of numeraire in both cases, 2 units of the discrete good (e.g. 2 apples) must give higher utility

than 1 for every consumer. There is no such requirement for multinomial choice, i.e. there is no

restriction on Pr [Uj (·, η) ≤ Uj+1 (·, η)] in (1), where the labels j are arbitrary

Now, suppose the per unit price p changes from p0 to p1 where p1 > p0. Then the resulting

compensating variation is the solution SCV to the equation

max {U0 (y, η) , U1 (y − p0, η) , U2 (y − 2p0, η)}

= max
{
U0

(
y + SCV , η

)
, U1

(
y + SCV − p1, η

)
, U2

(
y + SCV − 2p1, η

)}
. (20)

Consider the probability that SCV = p1 − p0. If the utility differences are continuously distrib-

uted, then the only situation where SCV = p1 − p0 is where the maximum on the LHS of (20) is

U1 (y − p0, η) and that on the RHS is U1

(
y + SCV − p1, η

)
.3 Thus

Pr
[
SCV = p1 − p0

]
= Pr

[
U1 (y − p0, η) ≥ max {U0 (y, η) , U2 (y − 2p0, η)} ,
U1 (y + p1 − p0 − p1, η) ≥ max {U0 (y + p1 − p0, η) , U2 (y + p1 − p0 − 2p1, η)}

]
= Pr [U1 (y − p0, η) ≥ max {U0 (y + p1 − p0, η) , U2 (y − 2p0, η)}] , (21)

by strict monotonicity of U0 (·, η) and U2 (·, η). For standard parametric models (e.g., Uj (y, η) =

αj ln (y) +ηj with ηj scalar and normally distributed), the probability in (21) is positive. However,

3For example, if instead the first term is the maximum for the LHS of (20) and the second term is the maximum

for the RHS of (20) with S = p1 − p0, then

U0 (y, η) = U1

y + S︷ ︸︸ ︷
p1 − p0 − p1, η

 = U1 (y − p0, η)

which will have zero probability if U1 (y − p0, η) − U0 (y, η) is continuously distributed, e.g., for j = 0, 1, 2,

Uj (y − pj , η) = αj ln (y − pj) + ηj with {η0, η1, η2} having extreme value or joint normal distribution.
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it is clear from (21) that the probability that SCV = p1 − p0 equals the probability of choosing the

bundle (1, y − p0) over the bundles (0, y + p1 − p0) and (2, y − 2p0). The latter probability can be

nonparametrically point-identified if and only if some consumers in the population face the choice

among these three bundles, which can happen if and only if for some (p∗, y∗), we have that

y∗ − p∗ = y − p0

y∗ = y + p1 − p0

y∗ − 2p∗ = y − 2p0.

Replacing the second equation in the first yields p∗ = y + p1 − p0 − y + p0 = p1 and replacing this

in the first equation yields y∗ = y + p1 − p0. But y∗ = y + p1 − p0 and p∗ = p1 does not satisfy the

third equation. Thus, there is no (p∗, y∗) which satisfies all three equations simultaneously. So the

distribution of the compensating variation cannot be nonparametrically point-identified.

An important lesson to emerge from the various cases discussed above is that parametric ap-

proaches to welfare analysis cited above do not clarify whether the identification of welfare arises

from the functional form assumptions or is more fundamental in the sense that the choice prob-

abilities contain all the identification relevant information, with parametric computations being

simply a convenient approximation. For example, the fact that nonparametric point-identification

results, which hold for unordered multinomial choice, fail for ordered choice would not be apparent

if one were to focus only on parametric models. Gentzkow (2007) calculated welfare effects of in-

troducing an alternative with possible complementarity with an existing option in a discrete choice

model without income-effects and additive extreme value distributed errors. Given the discussion

above, it is apparent that average welfare is not identified in that setting without these parametric

restrictions.

3 Continuous choice

Empirical welfare analysis of price change for a continuous good, such as raising a gasoline tax

(Poterba 1991) or removing a rice subsidy (Jha and Srinivasan 2001), began with the seminal

papers of Hausman (1981) and Vartia (1983). An up-to-date summary of this literature appears in

Hausman-Newey (2017). Welfare analysis in this case is based on Roy’s identity which is a partial

differential equation linking the unobservable indirect utility functions V (p, y) (the basis of welfare

calculations) with observable demand functions q (p, y), namely

−∂V (p, y)

∂p
/
∂V (p, y)

∂y
= q (p, y) ,

with p, y denoting unit price and individual income, respectively. The RHS of the above equation

is estimable (nonparametrically) from the data, whence the PDE is solved for V (·, ·), which then
leads to the compensating and equivalent variation resulting from a price change from p0 to p1 at

income y.
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If unobserved preference heterogeneity (denoted by η) is allowed, however, demand analysis in

general becomes more subtle (Lewbel 2001). In particular, Roy’s identity for an individual type η

consumer take the form

−∂V (p, y, η)

∂p
/
∂V (p, y, η)

∂y
= q (p, y, η) , (22)

whence average welfare can be calculated using the Hausman-Vartia type approach under only very

specific preference structures, such as the Gorman polar form. But if preference heterogeneity is left

unrestricted, then Hausman-Newey (2016) have shown that the distribution of individual demand

does not point-identify the average welfare effect of a price change. The basic argument is that

cross-sectional demand data cannot distinguish between two scenarios, namely (A) where for each

τ ∈ [0, 1], the τth quantile of demand at each (p, y) represents the demands of consumer τ whose

rank in the demand distribution remains unchanged when (p, y) change, and (B) when the rank of

any consumer in the demand distribution can change with changes in (p, y), so that the observable

τth quantile of demand cannot be associated with a specific consumer across all (p, y). For any

specific price change and at a fixed income, the average equivalent variation is generically different in

cases (A) and (B), but they are not empirically distinguishable. Hausman-Newey (2016) show that

(sharp) bounds may be constructed on average welfare by assuming prior bounds on the magnitude

of income-effects. The heuristic way to see where these bounds come from is as follows. Note that

by definition of the compensating variation S (p, y, η), the indirect utility V (p, y + S (p, y, η) , η)

remains constant as p varies. Differentiating with respect to p and using (22) yields the PDE

∂S (p, y, η)

dp
= −q (p, y + S (p, y, η) , η) , S (p0, y, η) = 0.

Then expand the RHS around y as

∂S (p, y, η)

dp
= −q (p, y, η)− S (p, y, η)× ∂

∂y
q
(
p, y + S̃ (p, y, η) , η

)
, S (p0, y, η) = 0.

A uniform bound on ∂
∂y q

(
p, y + S̃ (p, y, η) , η

)
will then produce bounds on the compensating vari-

ation. Evidently, the width of the bounds is increasing in the size of the income-effect. Hausman-

Newey (2016) also show that these bounds are less sensitive to income effect bounds when a smaller

proportion of income is spent on the good. In an application to gasoline purchase in the United

States, Hausman-Newey 2016 find income-effects to be very small, which yields tight bounds on

the nonparametrically estimated average equivalent variation and deadweight loss resulting from a

hypothetical tax induced price change.

4 Social welfare

The Hicksian measures discussed above are often used in empirical IO, trade and healthcare appli-

cations to evaluate actual or potential interventions. Examples include Petrin (2002) who evaluates

introduction of minivans in the US car market, Goolsbee-Petrin (2004) who examine availability
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of satellite TV in addition to cable TV, Porto (2006) who assesses the Mercosur trade reforms in

Argentina, De Nardi et al. (2016) who evaluate access to Medicaid insurance for retirees, and so

forth. While Hicksian measures are useful ways to measure change in individual utility and its

distribution in the population, adding them across consumers to obtain a measure of social wel-

fare has several undesirable features. These include (i) an implicit assumption of a constant social

marginal utility of income across income levels, i.e. that an additional dollar is valued by society

in the same way no matter whether a rich or a poor person gets it,4 (Blackorby-Donaldson 1988,

Dreze 1998, Banks-Blundell-Lewbel 1996), (ii) comparing allocations via aggregate compensation

suffers from conceptual ambiguities like Scitovszky reversal of social preferences (Mas-Colell et al.

1995, page 830-31), as illustrated in the following figure5

The figure shows two allocations Q1 and Q2 with the utility possibility frontiers A1Q1DB1 and

A2FQ2B2 through them intersecting. Each frontier represents the utility combinations attainable

via redistribution between individuals A and B, starting from any point on it. Then the allocation

D Pareto dominates Q2 and can be attained from Q1 via redistribution. Therefore Q1 is superior

4This can be seen as follows. Social welfare V (p) =
∫
H (W (p, y, η)) dF (y, η), where H (·) denotes the welfare

weight function of the planner, implying

V ′ (p) = H ′ (W (p, y, η))
∂W (p, y, η)

∂p

Roy’s identity
= −q (p, y, η)×

[
H ′ (W (p, y, η))× ∂W (p, y, η)

∂y

]
︸ ︷︷ ︸

marginal so cia l utility of incom e

,

where q (p, y, η) is ordinary demand at price p and income y, so that

V (p0, η)− V (p1, η) =
∫ p1

p0
[MSU (p, y, η)× q (p, y, η)] dp,

whereas the average compensating variation equals
∫ p1
p0
qc (p,W (p0, y, η) , η) dp, where qc denotes compensated de-

mand. It is only when MSUI equals 1 and compensated and Marshallian demand coincide, that these two expressions

are equals.
5This graph is taken from https://www.economicsdiscussion.net/welfare-economics/criterion-of-welfare-with-

diagram/18937

19



to Q2 via the aggregate compensation principle. At the same time, the allocation F which can be

attained via redistribution from Q2 is Pareto superior to Q1, implying that Q1 is inferior to Q2

via the compensation principle; so aggregate CV is again negative, thus leading to an ambiguity.

These conceptual shortcomings of the Hicksian approach have led instead to widespread use of

the Bergson-Samuelson average social welfare criterion in applied research in public finance. In

that literature, cost-benefit analysis of an intervention was traditionally conducted by comparing

the expenditure on it with the change it brings about in aggregate indirect utility (Bergson 1954,

Samuelson 1947 and Mirrlees 1971). However, when bringing these concepts to data, this classical

literature ignored unobserved heterogeneity and imposed functional form restrictions on the utility

functions of ‘representative’consumers who were assumed to vary only in terms of observables, see

Deaton (1984) and Ahmad-Stern (1984). Later work such as Feldstein (1999), Saez (2001) have

shown that in labour supply models with consumption leisure trade-off and heterogeneous agents,

the optimal income-tax rate depends on individual heterogeneity via certain aggregates only, such

as the average elasticity of taxable income with respect to the marginal tax rate, where the taxable

income distribution is endogenously determined with the tax rate. For empirical implementation,

these results require parametric modelling of preferences, such as Saez (2001) page 219 and Section

5. Similarly, Manski (2014) derives bounds on optimal income-tax schedule when consumers have

heterogeneous Cobb-Douglas preferences. In an econometric sense, these are not nonparametric

‘identification’results that express the object of interest (consumer welfare, optimal tax schedule

etc.) in terms of quantities directly estimable from the data without making functional form

assumptions about unobservables. The rest of this section discusses relatively recent methods that

avoid making such assumptions.

4.1 Average welfare under nonparametric heterogeneity

The Bergson-Samuelson approach (see Bergson 1954, Atkinson 1970) evaluates alternative price-

income situations via an aggregate indirect utility criterion. In particular, suppose W (p, y, η)

denotes the indirect utility achieved at price p for individuals with income y and unobserved

heterogeneity η. Then the average (over unobserved heterogeneity) social welfare at income y and

prices p is given by

W̄ ε (p, y) ≡
∫
W (p, y, η)1−ε

1− ε dF (η) = Eη

{
W (p, y, η)1−ε

1− ε

}
, (23)

where Eη denotes expectation taken with respect to the marginal distribution of η, and ε ∈ [0, 1)

captures the planner’s redistributional preferences, with low values of ε denoting stronger preference

for redistribution from the rich to the poor. Accordingly, two price income joint distributions F and

G can be compared in terms of average social utility via their mean welfare, i.e.
∫
W̄ ε (p, y) dF (p, y)

and
∫
W̄ ε (p, y) dG (p, y).
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4.2 Marginal welfare analysis

Marginal welfare analysis is an alternative to the average welfare approach. It attempts to approx-

imate, nonparametrically, effects of small interventions on average social welfare (Ahmad-Stern

1984, Mayshar 1990, Finkelstein-Hendren 2020). The pivotal concept is that of the ‘marginal value

of public funds’ (MVPF), defined as the ratio of beneficiaries’marginal willingness to pay for a

policy change to the marginal cost of the intervention to the government. This approach does not

cover non-marginal interventions and does not clarify how to account for income-effects and un-

observed preference heterogeneity across individuals targeted by such non-marginal interventions.

Further, the larger the behavioral impact of the intervention, the poorer of course is the resulting

approximation through the marginal approach.

In what follows, we outline the average welfare approach first for multinomial and then for

ordered discrete and continuous choice.

4.3 Discrete choice

4.3.1 The Daly-Zachary-Williams theorem

An important early result for welfare analysis in McFadden type discrete choice models is the Daly-

Zachary-Williams theorem (McFadden 1981 section 5.8, Daly-Zachary 1978, and Williams 1977).

It can be viewed as the analog of Roy’s identity for multinomial choice. The theorem establishes

the relation between choice probabilities and mean indirect utility in discrete choice models with

additively separable unobservables. In the set up laid out above, if Uj (y − pj , η) = Vj (y − pj)+ηj ,

j = 0, 1, ..., J , so that

WA (p, y,η) = max
j=0,1,...,J

{
Vj (y − pj) + ηj

}
,

then the Daly-Zachary-Williams theorem says that for each j = 0, 1, ..., J ,

qj (p, y) =
∂

∂ (y − pj)
Eη
{
WA (p, y,η)

}
. (24)

The additive structure is restrictive and has testable implications, as shown in Bhattacharya (2021).

Besides, equation (24) does not tell us anything about the distribution of WA (p, y,η). Therefore,

even if we restrict unobserved heterogeneity to be additively separable, equation (24) cannot be

used to calculate functionals other than the mean indirect utility; in particular, one cannot learn

the quantiles of indirect utility at a given price.

4.3.2 Bhattacharya-Komarova (2022)

In a recent paper, Bhattacharya-Komarova (2022) have shown how to conduct policy evaluation by

reconciling the utility based cost-benefit analysis tradition of public finance with the nonparametric

program evaluation tradition in econometric that allows for unrestricted preference heterogeneity.

They show that the distribution (and hence average, quantiles etc.) of consumers’indirect utilities
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can be nonparametrically identified from cross-sectional data on individual choice without func-

tional form assumptions on utilities, preference heterogeneity and income-effects.6. This enables

fully nonparametric evaluation of interventions and design of optimal treatment choice based on

aggregate utility, in line with traditional cost-benefit analysis in public and welfare economics.

Knowledge of the indirect utility distribution also permits measurement of the effi ciency loss re-

quired to ensure a desired average outcome.

To see the key results formally, consider the common situation of multinomial choice outlined

in Section 2.2.1 above with J + 1 alternatives, with the outside alternative denoted by option 0.

Recall that the indirect utility function is given by

W (p, y, η) = max {U0 (y, η) , U1 (y − p1, η) , ..., UJ (y − pJ , η)} .

Since a monotone transformation of a utility function represents the same ordinal prefer-

ences and therefore leads to the same choice, we need to normalize one of the constituent al-

ternative specific utility functions in order to give empirical content to the indirect utility func-

tion. Toward that end, suppose that for each η, the function U0 (·, η) is strictly increasing (non

satiated) and continuous in the numeraire and, therefore, invertible. Then V0 (y, η) ≡ y and

Vj (y − pj , η) ≡ U−1
0 (Uj (y − pj , η) , η) is an equivalent normalization of utilities representing ex-

actly the same individual preferences as {Uj (y − pj , η)} , j = 1, ..., J and U0 (y, η). This normaliza-

tion is analogous to the convention in empirical IO where utility from the outside good —alternative

0 here —is normalized to zero. The above normalization also converts the indirect utility to a money

metric, thereby facilitating comparison with the cost of policy interventions. In this set-up, the

marginal distribution of indirect utility induced by the distribution of η at fixed values of p and

y is nonparametrically identified from the (structural) average demand function. To see this, note

that

W (p, y, η) = max
{
y, U−1

0 (U1 (y − p1, η) , η) , ..., U−1
0 (UJ (y − pJ , η) , η)

}
, (25)

so we have that W (p, y, η) ≥ y a.s. For c > y, we get that

Pr
[
max

{
U−1

0 (U1 (y − p1, η) , η) , ..., U−1
0 (UJ (y − pJ , η) , η)

}
≤ c
]

= Pr [max {U1 (y − p1, η) , ..., UJ (y − pJ , η)} ≤ U0 (c, η)]

= Pr [max {U1 (c− (c− y + p1) , η) , ..., UJ (c− (c− y + pJ) , η)} ≤ U0 (c, η)]

= q0 (c− y + p1, ..c− y + pJ , c) .

Therefore, the CDF. of W (p, y, η) generated by randomness in η is given by

FW (p,y,η) (c) ≡ Pr [W (p, y, η) ≤ c] =

{
0 if c < y,

q0 (c− y + p1, ..c− y + pJ , c) if c ≥ y.
(26)

6The target individuals of the intervention would generically differ along both observable and unobservable (to

the researcher) determinants of preferences, and the ‘distribution’of indirect utility here refers to the distribution

induced by the unobservables for fixed values of observables.
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The calculation of W̄ ε (p, y) from (23) is facilitated by the observation that∫ ∞
b

xαfX (x) dx = bα (1− FX (b)) + α

∫ ∞
b

xα−1 (1− FX (x)) dx (27)

using integration by parts. It follows from (26) and (27) that Wε (p, y) equals

y1−ε

1− ε × Pr [W (p, y, η) = y] +

∫ ∞
y

c1−ε

1− ε × fW (p,y,η) (c) dc

=
y1−ε

1− ε +

∫ ∞
0

(z + y)−ε × {1− q0 (z + p1, z + p2, ..., z + pJ , z + y)} dz.7 (28)

In particular, for ε = 0, i.e. utilitarian planner preferences, and using E (X) =
∫∞

0 (1− F (x)) dx−∫ 0
−∞ F (x) dx, the average indirect utility reduces to the line integral

W̄ 0 (p, y) = y +

∫ ∞
0
{1− q0 (z + p1, z + p2, ..., z + pJ , z + y)} dz. (29)

In empirical IO, the widely used log sum measure of consumer welfare is precisely the average social

welfare in the multinomial logit model, see Train (2003), Sec 3.5.

4.3.3 Binary choice

It is useful to see explicit formulae for the most common case of discrete choice, namely binary

choice where J = 1. Consider the case where a subsidy on alternative 1 changes its price from p̄

to p̄− σ. In this case, the subsidy induced change in average social welfare at income y for a
generic ε ∈ [0, 1) is given by

∆ (p̄, σ, y; ε) ≡
∫ ∞

0
(z + y)−ε × [q1 (p̄− σ + z, y + z)− q1 (p̄+ z, y + z)] dz; (30)

under ε = 0, we have that

∆ (p̄, σ, y; 0) ≡
∫ ∞

0
[q1 (p̄− σ + z, y + z)− q1 (p̄+ z, y + z)] dz; (31)

the average CV at income y (see Bhattacharya 2015, eqn. 10) equals

S (p̄, σ, y) ≡
∫ p̄

p̄−σ
q1 (p, y + p− p̄+ σ) dp

subs z=p−p̄+σ
=

∫ σ

0
q1 (p̄− σ + z, y + z) dz. (32)

Furthermore, ∫ ∞
0

q1 (p̄+ z, y + z) dz
sub t=z+σ

=

∫ ∞
σ

q1 (p̄+ t− σ, y + t− σ) dt, (33)

and therefore, from (31), (32) and (33) we have that

∆ (p̄, σ, y; 0)− S (p̄, σ, y)

=

∫ ∞
σ

[q1 (p̄− σ + z, y + z)− q1 (p̄− σ + z, y − σ + z)] dz. (34)

7For standard parametric CDFs like probit or logit, the integral is bounded for 0 ≤ ε ≤ 1.
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Now, the integrand in (34) is strictly positive (negative) for all z if option 1 is normal (resp.

inferior). Therefore, the only way ∆ (p̄, σ, y; 0) = S (p̄, σ, y) is that q1 (p, y) does not depend on y,

which implies utilities are quasilinear, and therefore by (29), the social marginal utility of income

equals 1.

The average treatment effect, the quantity most commonly used in program evaluation and

the treatment choice literature, equals

T (p̄, σ, y) ≡ q1 (p̄− σ, y)− q1 (p̄, y) , (35)

which is simply the integrand of (31) evaluated at the lower limit of the integral. Since this is

measured as quantity of demand, a direct comparison with average or marginal subsidy cost is not

possible. In contrast, the quantities ∆ (·, ·, ·) or S (·, ·, ·) provide theoretically justified monetary
values of the choice, based on the choice makers’own preference.

Deadweight loss: The average cost of the subsidy equals σ × q1 (p̄− σ, y) in every case.

Therefore, the deadweight loss of the subsidy under ε = 0 is given by

σ × q1 (p̄− σ, y)−∆ (p̄, σ, y; 0)

=

∫ p̄

p̄−σ
[q1 (p̄− σ, y)− q1 (t, y + t− p̄+ σ)] dt

+

∫ ∞
p̄

[q1 (t, y + t− p̄)− q1 (t, y + t− p̄+ σ)] dt. (36)

Note that the first term in (36) is positive because

q1 (t, y + t− p̄+ σ)− q1 (p̄− σ, y)

= Pr [U1 (y − p̄+ σ, η) ≥ U0 (y + t− p̄+ σ, η)]− Pr [U1 (y − p̄+ σ, η) ≥ U0 (y, η)]

≤ 0, for t ≥ p̄− σ since U0 (·, η) is strictly increasing. (37)

The second term will be negative if the good is normal, and the deadweight loss may be negative

if the income effect is strongly positive. This is in contrast to the deadweight loss based on the CV

which must necessarily be nonnegative.

Finally, Hendren-Finkelstein’s MVPF at the status-quo (p = p̄, σ = 0) equals

∂
∂σ∆ (p̄, σ, y; 0)

∂
∂σ {σ × q1 (p̄− σ, y)}

∣∣∣∣∣
σ=0

by (31)
=

−
∫∞

0
∂q1(p̄+z,y+z)

∂p dz

q1 (p̄, y)
. (38)

4.3.4 Optimal allocation problem

The optimal subsidy targeting problem, which maximizes aggregate welfare subject to a budget

constraint on subsidy spending, can be stated as follows. Suppose in the above setup, the planner

is considering subsidizing alternative 1. Let M denote the planner’s aggregate subsidy budget,
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expressed in per capita terms, FY (·) the marginal distribution of income in the population, σ (y)

the amount of subsidy that a household with income y will be entitled to, T denote the set of polit-
ically/practically feasible targeting rules σ (·), and C (y, σ (y)) =

∫
σ (y)× q1 (p̄− σ (y) , y) dFY (y)

is the cost per capita of offering subsidy σ (y) to individuals whose income is y. Then the optimal

subsidy problem solves

arg max
σ(·)∈T

∫
W (p̄− σ (y) ,p−1, y) dFY (y) s.t.

∫
C (y, σ (y)) dFY (y) = M . (39)

Taxes can be incorporated into the analysis by allowing T to contain functions that take on negative
values. In particular, a revenue-neutral welfare maximizing rule that taxes the rich, i.e. σ (·) < 0

and subsidizes the poor i.e. σ (·) > 0, will solve (39) with M = 0. Bhattacharya-Komarova (2022)

discuss applications of these ideas to an observational dataset involving taxes and subsidies on

private tuition in India. They show that the path of the optimal subsidy as a function of income

differs widely, depending on whether it is the average take-up (demand) or the aggregate social

welfare that is being maximized.

Parameter uncertainty: The above formulation takes the observed individuals in the dataset

as the target of the policy. If however, we consider the unobserved population from which the

sample was drawn as the true target, then parameter uncertainty will need to be accounted for in

our decision problem. This can be achieved by defining the loss function

L (σ (·) , θ, c) = −
∫
B (p̄, σ (y) , y, θ1) dF (y, θ2)

+c

[
M −

∫
σ (y)× q̄1 (p̄− σ (y) , y, θ1) dF (y, θ2)

]2

,

with penalty c > 0 and where θ = (θ1, θ2) denotes the parameters determining the demand function

(θ1) and the marginal distribution of income (θ2). Then define the optimal choice of σ (·) by solving

min
σ(·)

∫
L (σ (·) , θ, c) dPpost (θ|data) , (40)

where Ppost (θ|data) refers to the posterior distribution of θ given the data. For computational

simplicity, one can use the bootstrap distribution of θ to approximate the posterior corresponding

to a flat prior (see Hastie et al. 2009).

4.3.5 Connection with Hicksian compensation

A final point here concerns the connection between Hicksian compensation based welfare analysis

discussed in Section 2 and the average social welfare based approach discussed in the present

section. Bhattacharya-Komarova (2022) have shown that the indirect utility function at price p

and income y is identical to the compensated income CV (y,p,∞J , η) that equates the individual

utility at income y when none of the alternatives 1, ..., J was available to the utility when they

become available at price p. Therefore, the average social welfare W̄ ε (p, y), defined in Eqn. (23)

25



above, is nothing but the Atkinson index of income inequality using the corresponding compensated

—instead of ordinary —income. Furthermore, the difference in individual indirect utility between

two prices p0 and p1 equals

W
(
p1, y, η

)
−W

(
p0, y, η

)
= CV

(
y,p1,∞J , η

)
− CV

(
y,p0,∞J , η

)
6= −CV

(
y,p0,p1, η

)
, (41)

with equality holding only when there are no income-effects of price changes. Thus, in presence

of income-effects, the Hicksian and the aggregate social welfare based approaches are distinct and

can have contradictory policy recommendations both in regard to measuring the effectiveness of

specific policy-interventions and designing optimal targeting of such interventions.

4.4 Ordered discrete choice and the continuous case

A result analogous to Theorem 1 does not hold for consumption of continuous goods such as gasoline

(Poterba 1991) and food (Kochar 2005). To see why, consider the situation of ordered choice with 0

denoting the outside good and 1, 2 with unit price p denoting the two inside good (e.g. no apple, 1

apple and 2 apples). Let the utilities be U0 (y, η), U1 (y − p, η), U2 (y − 2p, η). As above, normalize

W (p, y, η) ≡ max
{
y, U−1

0 (U1 (y − p, η) , η) , U−1
0 (U2 (y − 2p, η) , η)

}
.

Now, for c ≥ y, we have that

Pr
[
max

{
y, U−1

0 (U1 (y − p, η) , η) , U−1
0 (U2 (y − 2p, η) , η)

}
≤ c
]

= Pr [max {U1 (y − p, η) , U2 (y − 2p, η)} ≤ U0 (c, η)]

= Pr [max {U1 (c− (c− y + p) , η) , U1 (c− (c− y + 2p) , η)} ≤ U0 (c, η)]

= q0 (c− y + p, c− y + 2p, c) . (42)

But q0 (c− y + p, c− y + 2p, c) cannot be estimated, no matter how much p and y vary, because

the data can only identify demand when the price of 2 units is twice the price of 1 unit; but

c− y + 2p 6= 2 (c− y + p). One can however obtain bounds on (42) via

L (c; p, y)

≡ max {q0 (p̃, 2p̃, ỹ) : ỹ − p̃ ≥ y − p, ỹ − 2p̃ ≥ y − 2p, ỹ ≤ c}

≤ Pr [max {U1 (y − p, η) , U2 (y − 2p, η)} ≤ U0 (c, η)]

≡ q0 (c− y + p, c− y + 2p, c)

≤ min {q0 (p̃, 2p̃, ỹ) : ỹ − p̃ ≤ y − p, ỹ − 2p̃ ≤ y − 2p, ỹ ≥ c}

≡ H (c; p, y) .

and L (c; p, y) and H (c; p, y) are both potentially identifiable because they represent demand in

situations where price of option 2 is twice the price of option 1. Note that L (·; p, y) and H (·; p, y)

satisfy all properties of CDF’s.
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The continuous case can be thought of as the limiting case of ordered choice, e.g. one has to pay

twice as much for 2 gallons of gasoline as for 1 gallon, and by the same logic as above, the welfare

distribution for this case cannot be point-identified. Indeed, in the continuous choice case, the

key object of interest is the indirect utility function V (p, y, η) in (22), whose marginal distribution

cannot be point-identified from the marginal distribution of demand, as explicitly discussed in

Hausman-Newey (2016). However, one can make some progress by imposing more structure on

preferences. For example, suppose we posit that the demand function takes a flexible random

coeffi cient form, e.g. q (p, y, η) = η0 + η1p + η2y, where η ≡ (η0, η1, η2) are random coeffi cients

distributed independently of price and income. Then, using standard results on random coeffi cient

models (Beran-Hall 1992, Hoderlein et al. 2010), the distribution of η can be identified from

the observed distribution of q (p, y, η) = η0 + η1p + η2y under suffi cient independent variation of

price and income in the data and appropriate regularity conditions. Now, one can solve the PDE

(22) via the method of characteristics (Courant-Hilbert 2008, Chapter I.5 and II.2), for which the

characteristic ordinary differential equation is given by

dy

dp
= η0 + η1p+ η2y,

yielding the eventual solution (Hausman 1981 Eqn. 16)

W (p, y, η) = e−η2p
[
y +

1

η2

(
η1p+

η1

η2

+ η0

)]
.

Now, the joint distribution of η ≡ (η0, η1, η2) obtained above will yield, via the standard delta

method, the marginal distribution of the indirect utility function W (p, y, η) at fixed p and y. Once

we obtain this marginal distribution, we can carry out exercises like those outlined above in this

section.

5 Social Interactions

Social interaction models —where an individual’s payoff from an action depends on the expected

fraction of her peers choosing the same action —feature prominently in economic and sociological

research. It is well-understood that in such settings targeted policies will have spillover effects,

but formal welfare analysis of such policies has received little attention in the literature. This

is somewhat surprising since common public interventions such as taxes and subsidies are often

motivated by effi ciency losses resulting from externalities.

Brock-Durlauf (2001), in their seminal paper on discrete choice under social interactions, dis-

cussed how to rank-order multiple equilibria resulting from policy interventions in terms of their

aggregate, utilitarian social utility. Recently, Bhattacharya-Dupas-Kanaya (2021) have obtained

closed-form expressions for average welfare effects of price changes in the setup of Brock-Durlauf

(2001). In this setup, the choice probability at price p income y and neighborhood adoption rate

π is given by q (p, y, π) ≡ F (c0 + c1p+ c2y + απ) where F (·) is a distribution function, and under
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suitable restrictions, the data can identify the the coeffi cients c0, c1, c2, α and F (·). Now, for a hy-
pothetical price change from p0 to p1, e.g. due to a public subsidy, Bhattacharya et al. (2021) show

that values of c0, c1, c2, α and F (·), which would imply a unique counterfactual demand prediction,
in general imply a range of different welfare predictions. For example, in a model for adoption

of an insecticide treated, antimalarial mosquito net (Dupas 2014), α reflects the aggregate effect

of several distinct mechanisms, namely (a) a social preference for conforming, (b) learning from

others’ experiences, (c) a health concern led desire to protect oneself from mosquitoes deflected

from neighbors who adopt a bednet, and (d) desire to free ride on other users who increase herd

immunity via the insecticide effects. These distinct mechanisms are not separately identifiable from

choice data (only their net effect is). But these distinct mechanisms have different implications for

welfare if, say, a subsidy is introduced. In particular, suppose all spillover is due to conforming and

there is no health externality. Then as more neighbors buy, a household’s perceived utility from

buying will increase. Conversely, suppose spillover is only due to negative health externality of

buyers on non buyers. Then increased purchase by neighbors would lower the utility of a household

upon not buying via the health route, but not affect it upon buying since the household is then

protected anyway. These different welfare effects are all consistent with the same positive α.

A similar issue arises in evaluating merit-based school vouchers for attending a high achieving

school, where net welfare could be negative or positive depending on whether for a potential mover,

the gain from attending a cheap school with better peers dominates the loss from not moving

and suffering from the quality decline in the non selective school. An aggregate positive social

interaction coeffi cient in an individual school choice model cannot tell these two mechanisms apart.

More formally, consider a household with income y deciding whether to buy one unit of an

indivisible good at price p, and believes that a fraction π of its neighbors buy the good. Utilities

from not buying and buying are given by

U0 (y, π,η) = δ0 + β0y + α0π + η0,

U1 (y − p, π,η) = δ1 + β1 (y − p) + α1π + η1,

(43)

where we assume that β0 > 0, β1 > 0, i.e., non satiation in numeraire, and β1 need not equal β0,

i.e. income-effects can be present. Then the structural choice probability of buying at (p, y, π) is

given by

q1 (p, y, π) = F ( c0︸︷︷︸
δ1−δ0

+ c1︸︷︷︸
−β1

p+ c2︸︷︷︸
β1−β0

y + α︸︷︷︸
α1−α0

π), (44)

where F (·) denotes the marginal distribution function of η0 − η1. It is known from Brock-Durlauf

(2007) that the structural choice probabilities F (c0 + c1p+ c2y + απ) identify c0, c1, c2 and α, i.e.

(δ1 − δ0), β0, β1 and (α1 − α0) up to scale even without knowledge of the probability distribution

of η0 − η1.

Starting with a situation where the price of the product is p0 and the value of π is π0, suppose

a price subsidy is introduced such that individuals with income less than a threshold τ become
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eligible to buy the product at price p1 < p0. This policy will alter the equilibrium adoption rate;

suppose the new equilibrium adoption rate changes to π1, with π0 and π1 solving the fixed point

conditions:

π0 =

∫
F (c0 + c1p0 + c2y + απ0) dFY (y) , (45)

π1 =

∫
[1 {y ≤ τ}F (c0 + c1p1 + c2y + απ1) + 1 {y > τ}F (c0 + c1p0 + c2y + απ1)] dFY (y) , (46)

where FY is the CDF of Y .

For given values of π0 and π1, the compensating variation (CV) for a subsidy eligible individual,

for any potential value of π1 corresponding to the new equilibrium, is the solution S to the equation

max {U1 (y + S − p1, π1,η) , U0 (y + S, π1,η)} = max {U1 (y − p0, π0,η) , U0 (y, π0,η)} . (47)

Then Bhattacharya et al. (2021) show that if α1 ≥ 0 ≥ α0, then the average compensating variation

is given by

−
∫ 0

p1−p0−α1β1 (π1−π0)
q1

(
p1 − a, y, π0 +

α1

α
(π1 − π0)

)
da︸ ︷︷ ︸

welfare gain from subsidy plus conforming effect

+

∫ α−α1
β0

(π1−π0)

0

[
1− q1

(
p1 − a, y, π0 +

α1

α
(π1 − π0)

)]
da︸ ︷︷ ︸

welfare loss from negative externalities

; (48)

and if α1 ≥ α0 ≥ 0, it is given by{
C1 (α1) , if α ≤ α1 ≤ β1

β (β1 − β) p0−p1
π1−π0 + β1

β α,

C2 (α1) , if α1 >
β1
β (β1 − β) p0−p1

π1−π0 + β1
β α.

(49)

where

C1 (α1) := −
∫ p0+

α1
β1

(π1−π0)

p1−α−α1β0
(π1−π0)

q1

(
p, y, π0 +

α1

α
(π1 − π0)

)
dp,

C2 (α1) := −
∫ p1−α1β1 (π1−π0)

p0+
α−α1
β0

(π1−π0)

[
1− q1

(
p, y + p− p0, π1 −

α1

α
(π1 − π0)

)]
dp.

In both these expressions, the terms α0, α1 appear separately but what the choice probabilities

identify is α = α1−α0. This leads to nonidentification of the average welfare (48) and (49). However,

knowledge of α provides bounds on the range of α1 which, together with the point-identified β0, β1

lead to bounds on the average welfare, e.g. for α1 ≥ 0 ≥ α0, we must have α1 = α − α0 ∈ [α,∞)

etc. In particular, given α, the welfare gain in expression (48) is increasing in α1; i.e., the welfare

gain is largest in absolute value when α1 = α and α0 = 0, and the smallest when α1 = 0 and

α0 = −α; conversely for welfare loss. Intuitively, if there is no negative externality from increased

π on non-purchasers, then they do not suffer any welfare loss, but purchasers have a welfare gain
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from both lower price and higher π. Conversely, if all the spillover is negative, then purchasers still

receive a welfare gain via price reduction, but non-purchasers suffer welfare loss due to increased π.

Analogous arguments apply in the α1 ≥ α0 ≥ 0 case. A similar set of expressions holds for welfare

of individuals who are not eligible for the subsidy. The width of the bounds obtained by varying

α1 depends on the extent to which q1 (·, ·, π) is affected by π, i.e. the extent of social spillover,

and also the difference in the realized values π1 and π0. Note, however, that for our single-index

model, the fixed point restrictions imply that the counterfactual π1 and π0 depend on α1 and α0

only via α = α1−α0 which is point-identified; thus every potential value of counterfactual demand

is point-identified, although the welfare distributions are not.

Social welfare: The underidentification result continues to hold if we focus on social, as

opposed to individual welfare, as defined in Section 4. This is because the indirect utility function

equals

W (p, y, π, η) = max
{
δ0 + β0y + α0π + η0,δ1 + β1 (y − p) + α1π + η1

}
,

so that the cumulative distribution function of W (p, y, π, η) is given by

Pr
[
max

{
δ0 + β0y + α0π + η0,δ1 + β1 (y − p) + α1π + η1

}
≤ c
]

= Pr
[
δ0 + β0y + α0π + η0 ≤ c, δ1 + β1 (y − p) + α1π + η1 ≤ c

]
= Pr

[
η0 ≤ c− δ0 − β0y − α0π,

η1 ≤ c− δ1 − β1 (y − p)− α1π

]
.

This cannot be identified because α0 and α1 cannot be learnt from the identified quantity α =

α1 − α0, as above. Therefore, even if one can point identify the δs and βs and is willing to

specify the joint distribution of ηs, the CDF of W (p, y, π, η) remains underidentified. Furthermore,

unlike the Hicksian welfare distributions above, bounding the CDF of W (p, y, π, η) over possible

realizations of α0 and α1 consistent with the identified α = α1−α0 would also require specification

of the joint distribution of ηs, since the choice probabilities identify only the distribution of η1− η0

which is consistent with infinitely many joint distributions.

6 Identification and Data Issues

This section deals with issues of identification of the choice probability function itself which is the

core of our welfare results above.

First, note that the results of sections 2, 3 and 4 on unilateral choice (i.e. without externalities,

which is discussed in Section 5) derive fully nonparametric expressions for welfare distributions in

terms of the choice probability functions q. As such, they remain valid irrespective of how q itself

is identified. It follows therefore that knowledge of the underlying preference distributions is not

necessary for welfare analysis in the settings discussed above; knowledge of q alone suffi ces. In fact,

the following counterexample from Bhattacharya (2015) shows that identifiability of the preference
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heterogeneity distribution, or even correct specification of its dimension are not a requirement for

identifiability of welfare distributions.

Example: Consider a binary setting where an individual with income Y decides whether to

buy a product at price P or not. Let η ≡ (η1, η0) denote the vector of unobserved heterogeneity,

where η1 affects the utility when buying and η0 when not. Assume η is jointly independent of

price and income (P, Y ) and η1 ⊥ η0. Assume that the support of price distribution in the data is

contained in [0, pH ] and income is bounded below by yL with yL > pH > 0. Let

U1 (Y − P, η) = Y − P + η1, U0 (Y, η) = (1− η0)Y ,

where η0 is distributed uniform (0, 1) and the support of η1 — denoted by T — is contained in

(pH − yL, 0). Denote the CDF of η1 by G (·). An individual of type (y, η) and facing price p buys

the good if and only if y − p+ η1 > (1− η0) y.

Thus for any fixed η = (η1, η0) in the support, the utility functions are continuous and strictly

increasing in income. Thus theorem 1 applies, and it implies that the distribution of equivalent

variation and compensating variation arising from a price change are point-identified.

Now, consider the choice probability in this model. Since pH − yL ≤ η1 ≤ 0 with probability 1,

it follows that for any p, y in the support of the data, we must have that p− y < η1 < p, or

0 <
p− η1

y
< 1, with probability 1. (50)

Therefore, the structural probability of buying alternative 1 at price p and income y is given by

q1 (p, y) = Pr {y − p+ η1 > (1− η0) y}

= Pr

{
η0 >

p− η1

y

}
since y > 0

=

∫
T

(
1− p− η1

y

)
dG (η1) , by η1 ⊥ η0, inequality (50) and η0 ∼ U (0, 1)

=

(
1− p

y

)
+

1

y
E (η1) .

Thus, the choice probability q1 (p, y) depends on the distribution of η1 only through its expectation.

Therefore, all distributions for η1 with support contained in (pH − yL, 0) and having the same

expectation will give rise to the same choice probability for each value of p and y, implying

that the distribution of η1 cannot be identified from the choice probabilities alone. In particular,

η1 ∼ Uniform [pH − yL, 0] and η1 = pH−yL
2 with probability 1 will both produce identical q1 (p, y)

for all (p, y) in the support of price and income. This implies that the dimension of heterogeneity

is also not identified (dim(η1, η0) is 1 when η1 is degenerate and 2 when η1 is uniform). Yet the

distribution of equivalent variation and compensating variation are point-identified from q1 (·, ·) as
implied by theorem 1 above.

In presence of externalities, however, this attractive feature is lost, and it is no longer possible

(see Section 5) to learn welfare effects without knowledge of preferences underlying the observable

demand.

31



In what follows, we discuss four further practical issues that arise in the identification/estimation

of q in real data settings.

(i) Bounded support and shape restrictions: Some of the welfare results described above

require estimating and integrating a choice probability functional over an infinite domain. For

example, the welfare effect of removing the (J + 1)th alternative given by (12):

Pr (CV ≤ a) =

{
0 if a < 0,

1− qJ+1 (p10, ..., pJ0, pJ+1 + a, y + a) if 0 ≤ a.

Calculating this CDF requires knowledge of qJ+1 (p10, ..., pJ0, pJ+1 + a, y + a) for all a ≥ 0, which

is typically not feasible in any finite dataset. This problem does not arise in parametric approaches

because a few parameters guide the entire shape of the demand function, and those can be estimated

from data with limited support. Regardless, it is not clear if one can trust estimates that require

extrapolation well-beyond the range of the data, as would be done in the parametric approach.

Continuing with the nonparametric theme, note however, that

qJ+1 (p10, ..., pJ0, pJ+1 + a, y + a) =

∫
1

{
UJ+1 (y − pJ+1, r) > max

k 6=J+1
{Uk (y + a− pk0, r)}

}
dFη (r)

is weakly decreasing in a. Therefore, using the largest value of a (say aU ) s.t. (p10, ..., pJ0, pJ+1 + a, y + a)

being in the observed dataset gives a lower bound on the CDF for values of a > aU ; the upper

bound being just 1. If demand takes values close to 1 at aU , then these bounds will be tight. A

similar argument applies to (11) where

qJ+1 (p10, ..., pJ0, pJ+1 + a, y) =

∫
1

{
UJ+1 (y − pJ+1 − a, r) > max

k 6=J+1
{Uk (y − pk0, r)}

}
dFη (r)

is also decreasing in a. These shape restrictions on the choice probability function can be imposed

during estimation for effi ciency gains (Chetverikov et al. 2018). In particular, Bhattacharya-

Komarova (2022) show how to use shape preserving B-spline estimators for such shape-restricted

nonparametric estimation with real data. Alternatively, one may use a flexible parametric specifi-

cation via a random coeffi cient structure, widespread in IO applications. It takes the form

qj (p1, ..., pJ , y) =

∫
Fj (γ1p1 + ...+ γJpJ + αy) dG (γ, α; θ) ,

where γ = (γ1...γJ) and α are random variables with joint distribution G (·, ·; θ), indexed by an
unknown parameter vector θ, and Fj (·) is a specified CDF e.g. a probit or logit (McFadden-Train
2000, Fox et al. 2012). The typical approach in applications is to specify G (·, ·; θ) to be multivariate
normal. Having obtained estimates of θ, welfare distributions like (6), (9), (19) and (26) are all

estimable via numerical integration. For example, in STATA one can estimate mixed logit models

via the command “cmmixlogit”and perform numerical integration with the command “integ”.
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On the other hand, one can impose the shape restrictions during estimation by noting that

qj (p1, ..., pJ , y)

=

∫
Fj (γ1p1 + ...+ γJpJ + αy) dG (γ, α; θ)

=

∫
Fj

α+
J∑
j=1

γj

 y − γ1 (y − p1)− ...− γJ (y − pJ)

 dG (γ, α; θ) ;

so specifying the support of α+
∑J

j=1 γj and of each γj to lie in (−∞, 0) will be suffi cient.8

(ii) Interval-Income: In many, if not most, surveys, individual income is reported in intervals.

Lee-Bhattacharya (2018) show how to construct bounds on welfare in such settings, assuming the

good in question is normal on average and using restrictions from economic theory. To see where

such bounds come from, consider the binary choice version of (1) where good 1 is normal on average,

i.e. q1(p, ·) is increasing, and we observe which interval Yk ≡ [yk, yk+1), an individual’s true income

lies where k = 0, 1, ...,K−1. Bhattacharya (2021) has recently shown that a necessary and suffi cient

condition for choice probabilities to have been generated from (1) are given by

∂

∂p
q1(p, y) +

∂

∂y
q1(p, y) ≤ 0 and

∂

∂p
q1(p, y) ≤ 0, for any (p, y), (51)

which can be interpreted as the Slutsky negativity condition for binary choice. These conditions

will help obtain bounds on demand and welfare predictions with interval income data. Toward

that end, let f (·, ·) denote the unobserved joint density function of (P, Y ), and Pr(p,Yk) denote
the observed joint distribution of (P,Yk). For a price increase from p0 to p1, the upper bound

of the expected compensating variation at income y0 equalling
∫ p1−p0

0 q1 (p0 + a, y0 + a) da can be

obtained by solving the constrained, infinite-dimensional optimization problem:

max
f(·,·),q1(·,·)

∫ p1−p0

0
q1 (p0 + a, y0 + a) da,

s.t. ∫
Yk
q1 (p, y)× f (p, y) dy = π(p,Yk)Pr(p,Yk)︸ ︷︷ ︸

Observed

, k = 0, 1, ...,K,

∫
Yk
f(p, y)dy = Pr(p,Yk)︸ ︷︷ ︸

Observed

, k = 0, 1, ...,K, (52)

∂

∂y
q1 (p, y) > 0, and

∂

∂y
q1 (p, y) +

∂

∂p
q1 (p, y) < 0.

Since an admissible choice of f is where the entire probability mass within each observed in-

come interval is concentrated at the right endpoints, we can satisfy the first constraint in (52) by

8For example, one can choose γ to be jointly lognormal and the conditional distribution of α given γ to be

1′γ− exp
(
N
(
0, σ2

))
.
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setting q1 (p, y) = q1

(
p, yk+1

)
for all y ∈ Yk. The normal good assumption implies that the inte-

grand q1 (p, y0 + p− p0) in the objective function can take a value at least as high as q1

(
p, yk+1

)
where yk+1 is the right end point of the observed income interval containing y0 + p − p0. How-

ever, q1

(
p, yk+1

)
is also unobserved, and we will need to find an upper bound on it. Note that

the probability mass on the next interval to the right, i.e.
[
yk+1, yk+2

]
can be concentrated at

yk+1. Therefore, the sharp upper bound for q1 (p, y0 + p− p0) is given by q1

(
p, [yk+1, yk+2)

)
, i.e.

π(p,Yk+1). A similar idea works for the lower bound. Lee-Bhattacharya (2019) discuss how to

operationalize the above optimization via sieve approximations to q1 (·, ·), which makes the prob-
lem equivalent to set-identifying finite dimensional parameters, namely the coeffi cients on the basis

terms in the sieve approximation, defined via moment inequality conditions, on which there is a

now an established literature in econometrics, (Andrews-Shi 2013).

(iii) Unobserved price: A generic problem in estimation of discrete choice models with in-

dividual data is that prices may not be observed for alternatives not chosen by the individual.

One way to impute such missing price is to use the average price paid by those individuals opt-

ing for those alternatives who shop in the same location perhaps on the same day. For example,

Bhattacharya-Komarova (2021) model Indian households’decision to buy private tuition for their

children to supplement school education. For households that do not choose private tuition, they

impute the price by using the average price of those opting for private tuition in the village or

urban block of the reference household. An intuitive justification of this method is that households

are likely to base their decision on the information they gather from neighbors. This method is

most applicable when prices are standardized across consumers (e.g. supermarket purchase, public

transport etc.) and are not individualized like wages.

(iv) Endogenous price and income: The third problem pertains to identification/estimation

of structural choice probabilities when price or income are endogenous, conditional on other covari-

ates. There is a significant literature in empirical IO on this problem and its potential solutions,

including excellent recent surveys (Berry-Haile 2021, Gandhi-Nevo 2021). Here, we briefly summa-

rize the main issues and point out one aspect of endogeneity that is specifically relevant to welfare

analysis beyond its effect on consistent estimation of structural choice probabilities.

In discrete choice problems, price is often endogenous because it tends to be positively correlated

with unobserved quality which is part of the error term. Berry-Haile (2021) discuss restrictions

on demand functions and use of possible instrumental variables that enable consistent estimates

of the choice probabilities in discrete choice models with market level or with individual level

data. Examples include cost-shifters in the same market, price variation of the same product

in other markets and non-price exogenous characteristics of competing products. Other possible

techniques when individual level data are available include control function methods (Blundell-

Powell 2004, Imbens-Newey 2007, Petrin-Train 2010) and special regressor methods (Lewbel 2000).

In experimental settings, such as randomized allocation of vouchers and coupons, price endogeneity

disappears, and the structural choice probability function can be recovered directly from the data
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(Dube et al. 2018, Cohen-Dupas 2010). An analogous discussion applies to income endogeneity

where unobserved preferences and observed income can be correlated conditional on observable

characteristics. Note however, that when measuring welfare change due to a price-change, one can

perform the analysis conditional on income. For example, consider the binary choice case and a

price increase from p0 to p1 of alternative 1. The resulting expected equivalent variation, conditional

on income taking an in-sample value y0 equals
∫ p1−p0

0 qc1 (p0 + a|y0) da, where

qc1 (p|y0) =

∫
1 {U1 (y0 − p, r) > U0 (y0, r)} dFη|Y (r|y0)

equals the conditional probability of choosing option 1 at price p among those whose current income

is y0, which differs from the unconditional probability defined in (1). But endogeneity of income

itself does not affect the computation of the conditional object
∫ p1−p0

0 qc1 (p0 + a, y|y = y0) da, since

y0 is an in-sample value. For example, if our price variation arises from an experimental intervention

where discount coupons of different values are randomly allocated among households for buying

good 1, then qc1 (p, y0|y0) is estimable without correction for income endogeneity as long as (p, y0) lies

in the support of the data. However, this is no longer true for the average compensating variation∫ p1−p0
0 qc1

p0 + a, y + a︸ ︷︷ ︸
6=y

|y = y0

 da because the argument of the integrand is counterfactual when

income is y0.

7 Future directions

In this final section of this survey we briefly outline five research areas where nonparametric methods

of welfare analysis are yet to be fully developed in presence of unobserved heterogeneity and income-

effects. These are as follows.

(a) Uncertainty and insurance: Provision of insurance against health and labour market

risks has important welfare consequences for individuals, but can also lead to substantial deadweight

loss due to under/over-provision, (Feldstein 1973, 2005). Empirical estimates of such welfare effects

in the case of medical insurance were calculated in Feldman-Dowd (1991) and Manning-Marquis

(1996). Manning-Marquis (1996) modelled medical expenditure following insurance, using data

from the Rand health insurance experiment in the US in the 1970s where households were randomly

assigned to a health plan and subsequent health events and expenses were recorded for them.

The random assignment removed concerns of endogenous self-selection into health-plans, leading

to consistent estimates of parametric, homogeneous indirect utility parameters from the decision

to exceed the stop-loss amount, the anticipated medical expenditure (collected at baseline) and

the actual expenses incurred. Based on these structural parameter estimates, they computed the

trade-off between the gains from risk sharing and losses from moral hazard of the insured across

a range of hypothetical insurance-plans. Einav et al. (2010a 2010b), on the other hand, calculate
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welfare effects in presence of adverse selection into health insurance plans offered by a firm to its

employees. The key idea is that under adverse selection, insurance providers cannot distinguish

between potential insurees with different health risks; consequently, realized market equilibrium is

where demand equals average expected cost of insurance which happens at a higher price, lower

demand situation than the socially optimal situation where demand equals the marginal cost curve.

The area between these intersections is akin to the classic Harberger (Harberger 1964) triangle

representing deadweight loss. Unobserved risk heterogeneity is central to Einav et al.’s analysis

who allow for this heterogeneity to be entirely unrestricted, while maintaining lack of income-

effects, and show that consistent estimation of demand and cost curves are suffi cient for estimating

the welfare loss due to information asymmetry. The Einav et al. framework would be an excellent

starting point for investigating more realistic scenarios where (i) individuals are heterogeneous in

terms of both risk and risk aversion, and (ii) price changes have income-effects. This framework

can then be used to design optimal regulation of the insurance industry in terms of taxes/subsidies

or caps on price and out-of-pocket expenses (Blomqvist 1997).

(b) Intra-household considerations: In real life, consumption decisions in multi-member

households are usually made collectively. Chiappori (1992), Chiappori-Meghir (2014), and Cherch-

eye et al. (2018) address the problem of how to evaluate individual welfare effects in such situations,

using an empirically estimable structural model of household behavior, where (collective) decisions

are made regarding consumption of both private and public goods. In such settings, one would

typically be interested in calculating two types of welfare effects (A) the impact of policy interven-

tions such as taxing tobacco and alcohol which are primarily consumed by male members, paying

child support to women, a rise in the female member’s wage relative to the male’s (Chercheye et

al. 2018) etc., and (B) the minimum income needed by a member living with other household

members to achieve the same utility level when the she lives alone and hence pays fully for the

public goods, as opposed to sharing it; such analysis informs cost of living calculations and hence

the design of government transfers, inflation rates etc. How unobserved preference heterogeneity

can be incorporated in such models and how they affect welfare analysis in practical settings remain

to be fully investigated.

(c) Nonlinear budgets: Nonlinear pricing is common in many markets (Hausman 1985,

Moffi tt 1986, Wilson 1993, Armstrong 2016, and Reiss-White 2006). Supermarkets typically offer

lower unit price for larger packages, regulated utilities such as electricity and water companies use

peak-load pricing, and mobile phone-plans typically involve piecewise linear tariffs. The welfare

impact of such pricing is of significant policy interest for regulators. A recurrent theme of research in

labour and public finance is the elasticity of taxable income when marginal tax-rate is progressive,

leading to nonlinear budget sets for individual workers (Saez et al. 2012, Blomquist et al. 2021).

Income support schemes and the earned income tax credit also give rise to such nonlinearities.

A practically important setting of kinked budgets arise in rationed food subsidies in developing

countries such as subsidized foodgrains in the Indian Public Distribution System and milk in the
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Mexican NADYSRA. In these schemes, eligible households can buy up to a fixed quantity of

subsidized staples at a price lower than the market price. Any additional purchase needs to be made

in the open market. Such schemes produce piecewise linear but convex budget sets. However, due

to various sources of leakage, corruption and possible deadweight loss, there are ongoing debates

about whether such subsidies should be replaced by a universal basic income (Currie-Gahvari 2008,

Khera 2014, Gentilini et al. 2020). Formally addressing this debate would require one to quantify

the deadweight loss from the subsidies, to calculate the utility-preserving cash equivalent —which

would inform the determination of an appropriate value of the UBI —and to measure the impact of

such potential interventions on redistribution and aggregate welfare. The following graph sketches

the basic idea of what such calculations entail. In this graph, the horizontal axis represents the

quantity of the subsidized good, say rice, and the vertical axis represents the quantity of numeraire

consumed by a household. Under the rationed subsidy, it faces the kinked budget line CDE and

maximizes utility at the point A.

Once the subsidy is withdrawn and everyone faces the market price for rice, the budget line

moves to CF. An income compensation at the market price would be required to move the budget

line so that it becomes tangent to the original indifference curve through A, thereby allowing

the consumer the same utility as with the subsidy in place. The extent of income required is

the compensating variation GC. The question is how does one calculate the distribution of this

compensation as the indifference curve varies across individuals and one observes the distribution

of demand on the straight line segments of the budget curves and at the kink point D.

(d) Behavioral welfare analysis: Behavioral deviations of individuals from predictions of

canonical rational choice models have been studied extensively in economics both theoretically

and in a variety of practical contexts. A relatively small literature has recently developed on the
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problem of welfare analysis of policy interventions in such settings. Examples include (i) taxes

on unhealthy food such as alcohol and soda, that aim to mitigate ‘internalities’ i.e. costs from

suboptimal consumption (Allcott et al. 2019, Griffi th et al. 2019), (ii) information disclosure and

subsidies that ‘nudge’consumer choice towards socially optimal outcomes (Allcott-Taubinsky 2015),

and (iii) increasing the salience of existing interventions such as sales taxes, (Chetty et al. 2009).

Welfare evaluation in these settings amounts to taking the observed response to an intervention

to be possibly suboptimal and ‘behavioral’, i.e. based on the so-called “decision utility”, but the

welfare functional to be based on the rational or “nominal”utilities. For example, in the Chetty et

al. setup (see Chetty et al. 2009 Section V), all consumers are assumed to have identical preferences

over the quantity x of a continuous good and wealth y, described by the utility function u (x)+v (y).

The budget constraint she faces is

(p+ τ)× x(p, y, τ) + y(p, y, τ),

where y denotes consumer wealth, p is the price and τ is the sales-tax which may or may not be

fully salient to the consumer. Letting the consumer’s optimal consumption quantity as x∗(p, y, τ)

leads to the indirect utility

V (p, τ , y) = u (x∗(p, y, τ)) + v (y − (p+ τ)× x∗(p, y, τ)) ,

and tax revenue τx∗(p, y, τ). Denoting the consumer’s expenditure function by e (p, τ , V ), the

equivalent variation of the tax equals y − e (p, 0, V (p, τ , y)). Using a quadratic approximation to

the resulting excess burden y− e (p, 0, V (p, τ , y))− τx∗(p, y, τ) by a Taylor expansion around τ = 0

along the lines of Harberger (1964), Chetty et al. investigate theoretically the welfare impact of a

small sales tax when taxes are fully salient (x∗(p, y, τ) = x∗(p + τ , y, 0)) and when they are not.

An interesting conclusion is that lack of salience can increase or reduce consumption distortions

typically associated with sales taxes depending on whether income-effects are present or absent.

Taking these theoretical formulae to the data would require parametric assumptions on utilities in

addition to the maintained assumption of identical tastes across consumers. Incorporating unob-

served heterogeneity in preferences would make such exercises more credible since both preferences

and the experience of salience are likely to vary across individuals. It is also important to examine

if the assumption of identical tastes is important for identifying policy effects, e.g. taxes/subsidies,

increasing the salience of taxes etc. in such behavioral models.

Allcott-Taubinsky (2015) consider a setting of binary choice between an energy effi cient electric

bulb and a traditional ineffi cient one, where heterogeneous consumers can misperceive the value

of the effi cient bulb. In this setting, they derive expressions to measure the demand and welfare

effects of a subsidy on the energy effi cient product in terms of the observed market demand curve

and the ‘average marginal bias’which is the mean bias across those consumers who are exactly

indifferent between buying or not E (b|vb = p), where v is the true value of the energy effi cient

bulb, p is its price and b is the misperception. This last expression is not directly observed, and
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the authors generate data to estimate it using an experimental nudge. As in the Chetty et al.

paper, Allcott-Taubinsky (2015) formally describe the welfare trade-off achieved by a subsidy in

such cases between the distortion in market consumption vis-a-vis correction of the perception bias

or ‘internality’.

Griffi th et al. (2019), on the other hand, model consumption of different types of alcohol in

Britain using a quasilinear (i.e. with no income-effects) and random coeffi cient BLP type utility

function capturing rich consumer heterogeneity, and estimate it using individual consumption data.

They then obtain a measure of the ‘internalities’of alcohol drinking (which are ignored by consumers

when choosing optimal consumption) by calibrating the parameters of an assumed function of

alcohol consumption, based on government reports of financial costs of alcohol abuse. They use

these estimates to maximize a welfare function that comprises the sum of individual indirect utilities

and the tax revenue less the externalities. The solution optimally trades off the internality costs

with the market distortions resulting from the tax, and conforms to the intuition that heavier

drinkers should face a higher average and marginal tax rate.

(e) Utilizing novel data sources: With retail activity increasingly moving online, the con-

text of welfare analysis has expanded to include the so called ‘gig economy’. At the same time, the

availability of large, granular data collected from websites and apps have opened up new opportu-

nities for measuring welfare effects of economic changes in such settings. For example, Cohen et al.

(2016) measures the Marshallian consumer surplus generated by UberX’s cab-hailing app, using

large price variation resulting from Uber’s surge pricing algorithm and using detailed trip data

for nearly 50 million trips in the US. Their approach is nonparametric and consists of estimating

demand using a component of the price variation that results from a source of randomness that

is intrinsic to Uber’s price setting algorithm. In another highly innovative study using GPS based

driving behavior data in Bangalore, Kreindler (2020) has estimated welfare effects of congestion

pricing on driving behavior and welfare. His analysis uses a fully parametric structural model of

traffi c congestion, based on Arnott et al. (1993). The approach is to first estimate commuter

preferences over travel time and costs using experimentally generated price variation, and then

using these estimates to calculate welfare effects of congestion charges. The increasing availabil-

ity of such online data of large size is likely to mitigate the computational diffi culty associated

with nonparametric estimation of welfare effects. Nonetheless, a large proportion of such data are

unstructured, creating the scope for gainfully employing machine learning methods. For exam-

ple, existing consumer reviews heavily influence future consumers’choice but appear in qualitative

textual forms; machine learning methods are well-equipped to handle textual data (see Gentzkow

et al. 2019). Exploring the connections and synergies between traditional economic approaches

like Hicksian aggregation or hedonic i.e. characteristics-based demand models and data features

revealed by machine learning methods appears to be a useful agenda for future research.
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