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Aim: Understand the differences between the ‘causal’ v.
‘structural’ v. ‘sufficient statistic’ approaches to empirical work
I The Dividing Lines
II Limitations of Causal Approaches
III Limitations of Structural Approaches
IV Use of Sufficient Statistics

The Controversy

I

Can sometimes seem like there are two ways to do
empirical work:

I

Structural:
I

Economic models used explicitly to define a set of
structures — structural equations and distributions between
observables & unobservables

I

Ask whether the these structures are uniquely determined
by the knowable data — are there any alternative structures
that are observationally equivalent to the truth?

The Controversy

I

Causal:
I

Many different names for what I will term the ‘causal’
approach: reduced form, program evaluation, atheoretic
approach

I

Goal typically to identify how much a change in one variable
(treatment) changes another variable (the outcome)

I

Rather than ‘deep structural parameters’, trying to recover
the, e.g. Average Treatment Effect (ATE), Average
Treatment Effect on the Treated (ATT) and the Local
Average Treatment Effect (LATE)

I

Sometimes also see the approach characterised by the
method — randomisation based

The Controversy

I

Sufficient Statistics:
I

Use economic models to define formulas for model
features, e.g. welfare effects, that are functions of high-level
elasticities

I

Might be many combinations of primitives that are
observationally equivalent but all have the same welfare
implications

I

Middle ground?

Sufficient Statistics: A Middle Ground?

The Controversy

V.

The Controversy

I

“Mostly Harmless” v. “Harmful” Econometrics

I

“Credible” v. “Incredible” Econometrics

I

“Useless” v. “Useful” Econometrics

I

“Explicit” v. “Deceptive” Econometrics

Sufficient Statistics: A Middle Ground?

I

Structural: use economic models to define a set of
structures and aim to identify (& estimate) model primitives

I

Causal: exploit random assignment/quasi-experimental
variation to estimate statistical relationships and identify
treatment effects

I

Sufficient Statistics: use economic models to define
formulas for model features, e.g. welfare effects, that are
functions of high-level elasticities
I

Might be many combinations of primitives that are
observationally equivalent but all have the same welfare
implications

Assumption Free
I

Might hear the (idealised) view that the use of natural
experiments and randomisation offers an ‘assumption free”
way of learning interesting things about economic
relationships

I

Key Point 1. The Causal Approach is not assumption free

I

Keane (2010): “all empirical work in economics, whether
‘experimentalist’ or ‘structural’ relies critically on a priori
theoretical assumptions”

I

The absence of models in the literature doesn’t mean that
restrictive assumptions are not being implicitly used to
interpret the estimates obtained

Angrist (1990): Vietnam Draft

Angrist (1990): Vietnam Draft

I

Key early paper that used Vietnam draft lottery numbers as
an instrument to estimate the effect of military service on
subsequent earnings

I

Each man assigned a lottery number between 1 and 365
based on random drawings of birth dates, and only those
with numbers below a certain ceiling were draft eligible

I

Various tests then used to determine the subset of draft
eligible men who were actually drafted into the military

Angrist (1990): Vietnam Draft
I

Simple IV model, with Z = 1 if drafted and D = 1 if do
military service
log(Y ) = α + Dβ + e, E(e|Z = z) = c

I

Z is informative: E(D|Z = 1) 6= E(D|Z = 0)

I

Then,

I

(1)

E(Y |Z = 1) = α + βE(D|Z = 1) + c

(2)

E(Y |Z = 0) = α + βE(D|Z = 0) + c

(3)

β is uniquely determined from the data
β =

E(Y |Z = 1) − E(Y |Z = 0)
E(D|Z = 1) − E(D|Z = 0)

(4)

Angrist (1990): Vietnam Draft

I

Finds that military service reduced annual earnings for
whites by about $1,500 (in 1978 currency), a 15%
decrease

I

Paper Conclusion: military service actually lowered
earnings — veterans did not have lower earnings simply
because they had lower values of the error term to begin
with

Angrist (1990): Vietnam Draft

“You can run from economic models but you can’t hide
from them”
Neal (1995) quoted in Heckman (1997)

Interpretation

I

Model to facilitate interpretation of estimated coefficients

I

Further, you need to specify what is in the error term:
I

Model to determine the control variables

I

Model dictating relationships between X , Z , e

Interpretation

I

(At least) Three issues:
I

Heterogeneity in the effects of treatment — LATE (Imbens
& Angrist, 1994)

I

Anticipation of heterogeneity in the effects of treatment
(Heckman, 1997)

I

Specification of earnings equation (Rosenzweig & Wolpin,
2000)

LATE
I

If the effects of treatment are heterogeneous in the
population, then, at best IV only identifies the effect on the
subpopulation whose behaviour is influenced by the
instrument (compliers)
I

Relies crucially on a monotonicity assumption: having a
low draft number can only increase the likelihood that one
goes into military service

I

What if were instrumenting for completed education,
however? Can imagine that some stay in school longer
than otherwise would to avoid the draft; while others get
less schooling than they otherwise have either if school
attendance directly interrupted or because threat of
interruption lowers the option value of continuing

LATE

I

The approach also relies on a stable unit treatment value
assumption
I

That potential outcomes are independent across individuals

I

However, this is very strong in certain contexts: general
equilibrium and peer group effects

I

In general, in settings involving interactions or simultaneous
systems causal estimands and not well defined or difficult
to interpret without structural restrictions

Formally
I

Let an individuals earnings be modelled as:
Y0 = µ0 (X ) + U0
Y1 = µ1 (X ) + U1

(5)

with E(U0 |X ) = E(U1 |X ) = 0.
I

Observed outcome:
Y = DY1 + (1 − D)Y0
Y = µ0 (X ) + U0 + D(µ1 (X ) − µ0 (X )) + D(U1 − U0 )

I

(6)

Gain has two components: the gain for the average person
(with characteristics X ) in the population and U1 − U0 the
idiosyncratic gain for a particular person

Formally

I

We are interested in:
E (4|X ) = µ1 (X ) − µ0 (X )

I

E (4|X , D = 1) = µ1 (X ) − µ0 (X ) + E(U1 − U0 |D = 1)
(7)
These will be the same when E(U1 − U0 |D = 1) = 0 which
can happen if agents don’t know their idiosyncratic gain or
do not act on it or U1 − U0 = 0
I
I

Common coefficient model
With heterogeneous effects, gain must not determine who
goes into the program

Formally
I

Writing Y in terms of causal effects:
Y = µ0 (X ) + D [E (4|X )] + U0 + D(U1 − U0 )

I

(8)

In a regression of Y on D, the coefficient on D is then:
E (Y |X , D = 1) − E (Y |X , D = 0)
= E (4|X ) + E(U1 − U0 |X , D = 1) + E(U0 |X , D = 1) − E(U0 |X , D = 0)
= E (4|X , D = 1) + E(U0 |X , D = 1) − E(U0 |X , D = 0)

I

Final two terms are the mean selection bias - how the outcome in
the base state differs between program participants and
nonparticipants

The Economic Model

I

Want to now understand what assumptions need for an IV
strategy to be valid

I

For the instrument to be valid, we require:

I

E (U0 + D(U1 − U0 )|Z ) = 0

for the ATE

E (U0 + D (U1 − U0 − E(U1 − U0 |D)|Z )) = 0

for the ATT
(9)

Assumptions not innocuous and imply restrictive
behavioural assumptions

The Economic Model

I

However, what if individuals know their idiosyncratic gain to
participating in the military, U1 − U0 , and optimally decide
whether or not to go into the military accordingly?

I

In this case
Pr (D = 1|Z , U1 − U0 ) 6= Pr (D = 1|Z )

I

(10)

This generates a dependence between the error term and
Z
I

People with a high draft number that then go on to serve in
the military must have a high value of U1 − U0 — they must
anticipate a high gain given that they could have avoided
going

The Economic Model
I

Formally, using Bayes’ rule
Pr (D = 1|Z , U1 − U0 )f (U1 − U0 |Z )f (Z )
=

(11)

Pr (D = 1|Z )f (U1 − U0 |Z , D = 1)f (Z )
I

Thus, at all values of Z for which Pr (D = 1|Z ) 6= 0 and
f (Z ) > 0,
f (U1 − U0 |Z , D = 1) =

I

Pr (D = 1|Z , U1 − U0 )f (U1 − U0 |Z )
Pr (D = 1|Z )
(12)

So E(U1 − U0 |Z , D = 1) is in general a function of Z

Summary
I

‘Causal’ approaches to identification are not
assumption-lite

I

They might differ in the types of restrictions that they place
on behaviour and the explicitness with which they make
those behavioural assumptions explicit

I

Structure useful to interpret causal parameters and
generalise to other sub-groups

I

Causal methods can only uncover the effects of treatment
on observable characteristics — but policy is often
concerned with characteristics that cannot be directly
observed (female empowerment, expectations) —
generally need structure to link observables to these more
elusive concepts

Outline for Today

I The Dividing Lines
II Limitations of Causal Approaches
III Limitations of Structural Approaches
IV Building Links Between the Two
V Doing Both

Limitations of Structural Approaches

I

Will discuss the following limitations of taking a ‘hard core’
structural approach:
I

What are structural parameters?

I

Identification results opaque

I

Interesting models are not identified

Deep Structural Parameters

I

The starting point of structural methods is the specification
of a model that defines a set of structures that dictates the
relationships between observed and unobserved model
components

I

Structures are often called policy invariant: as
observables change, the underlying structure stays fixed

I

For example, preference and technology parameters

Deep Structural Parameters

“I think structural econometricians need to think more
deeply about whether they can justify whether any of
their models are really ‘structural’ in the sense of
being policy invariance and it turns out that they have
no good justification for this”
Rust (2010)

Opaque

I

Advocates of the causal approach often criticise structural
methods because they argue that it isn’t clear how
parameters are identified

I

This is a fair critique of much structural work: ‘it is outside
of the scope of this paper to prove identification’

I

Doing so is hard but not impossible. However,
nonconstructive identification results can still be very
difficult to interpret.

I

This is considered by many in the literature to be a barrier
to the use of structural methods in ‘genuine’ policy making

Opaque

Opaque: Recent progress

I

Andrews, Gentzkow & Shapiro (2017): measure of
sensitivity of structural estimates to perturbations of the
data

I

Help understand violations of identifying assumptions

I

Will return to this when discuss GMM & Indirect Inference

Not Identified

I

The application of structural identification techniques
doesn’t necessarily require strong functional form
assumptions: there is a large literature on the
nonparametric identification of structural models

I

Yet many interesting models that place few functional form
assumptions on the objects of interests are not identified: a
given distribution of data might be consistent with many
different structures

Not Identified

I

Additional a priori functional form assumptions are
generally sufficient to identify the underlying structure

I

However, there is a tradeoff — the stronger the functional
form assumptions, the more likely it is that the model is
misspecified and one does not have sufficient flexibility to
perfectly rationalize the data we observe

Not Identified

I

Thus, it can be easy to quickly get overwhelmed by the
number of strong functional form assumptions when diving
into structural work

I

However, there are two responses:
I

Causal approaches also make a number of functional form
assumptions (see Keane (2010) for further examples)

I

Should be asking the question: “does your model fit the
data and provide more accurate out of sample forecasts
than any other competing model”

Do Both!

I

Should see structural and causal econometrics as
complements not substitutes

I

For example, the paper of Kaboski and Townsend (2011)
which was awarded the Frisch Medal by the Econometric
Society in 2012 for being the first to use “a structural model
to understand, predict, and evaluate the impact of an
exogenous microcredit intervention program”

Do Both!
“Simulation of the model successfully matches the
qualitative features of the post-program data and
provides evidence of the role of credit constraints in
household consumption decisions. The structural
approach taken in the paper also allows for a cost
benefit analysis of the microfinance program as
compared to direct income transfers to households
and shows that the microfinance program costs 30%
more than a direct transfer program that would
achieve the same average utility gain. The paper is
noteworthy for its combination of rigorous theory and
careful econometrics to produce important insights
into a major development policy.”
The Econometric Society, 2012

Do Both!

I

Identifiable causal effects can provide useful benchmarks
for structure
I

E.g. Estimate a structural model using data from large
surveys and check whether the treatment effects implied by
the structural parameters equal those from smaller
randomized trials on the same underlying population

Do Both!
I

Use causal methods to link randomized treatments to
observable variables, and use structure to link observables
to wider policy relevant treatments
I

Puzzle: middle aged and older women in India have high
mortality rates for unknown reasons

I

Calvi (2016) uses a causal analysis to link changes to
changes in inheritance laws to changes in health outcomes
through changes in resource shares

I

Then uses a structural model to interpret these effects
through the lens of the impact of changes in household
bargaining power on relative poverty and health status in
the household

I

Intrahousehold gender inequality explains up to 89% of
missing women at post-reproductive ages

Do Both

Do Both!

I

Speculation as crude structural modelling
I

Rather than simply hand-waving about the mechanisms
underlying results and external validity, should formally
establish the connections and correlations with the rigor
imposed by real structural identification and estimation

Do Both!

I

Finally, it is not just causal methods that require
independence assumptions
I

I

These are also routinely required for identification of
structures
use of randomisation/good instruments can increase the
confidence that the restrictions required for structural
identification are satisfied

Sufficient Statistics: A Middle Ground?

I

Idea isn’t new but been applied with vigour in last 10 years
in empirical public literature

I

Heckman & Vytlacil (2007): “Marschak’s Maxim”: for many
problems only combinations of explicit economic
parameters are required — no single economic parameter
need be identified

I

Might be sufficient to answer certain questions of interest
in a much more transparent and less computationally
burdensome manner but some caution advised...

Application: Deadweight Loss of Taxation

I

Static general equilibrium model

I

Individuals endowed with Z units of numeraire y , whose
price is normalised to 1

I

I

Perfectly competitive firms convert y into J other
consumption goods, (x1 , ..., xJ )
P
c(x) = cj (xj ) gives the total cost of producing x

I

Government levies a unit tax t on good 1

Application: Deadweight Loss of Taxation

I

Key idea: to generate $1 in tax revenue, the welfare of
those taxed falls by more than $1 as the tax distorts
behaviour

I

Loss in surplus that occurs because some transactions fail
to occur because of the tax

I

How can we measure the efficiency loss of taxation?

Welfare Statistics

I

Quasi-linear utility — gets complicated with income
effects....

W (t) = {max u(x) + Z − tx1 − p(t)x} + {max p(t)x − c(x)} + tx1
x

x

(13)
= {max u(x) + Z − tx1 − c(x)} + tx1
x

I

How to identify dW (t)/dt ?

(14)

Structural Approach

I

Estimate J good demand and supply system to recover
u(x) and c(x)

I

Once know deep parameters, can compute W (t) while
recognising how the tax will affect equilibrium prices in all
markets

I

E.g. AIDS/QUAIDS/EASI

Harberger Approach
I

Recognition that envelope conditions for (x1 , ..., xJ ) allow
one to ignore a set of behavioural responses, d xi /d t
W (t) = {max u(x) + Z − tx1 − c(x)} + tx1
x

(15)

I

Social welfare already optimised by individuals and firms
—> behavioural responses can’t induce a first order
change in welfare or would not have been optimising

I

Thus,
dx1
dW (t)
= −x1 + x1 + t
dt
dt

I

d x1 /d t is a sufficient statistic for calculating welfare
changes! Just estimate this rather than worrying about
underlying preferences etc directly

(16)

Heterogeneity
I

K agents with utility uk (x) + y

I

E.g. Social welfare utilitarian
W (t) = {max
x

I

K
X

uk (x k ) + Z − tx1k −

pi xik } + tx1 (17)

k =1

Structural method: estmimate demand system with
sufficient heterogenity
K

K

X
X
d
dW (t)
=−
x1k +
x1k + t
dt
k =1

I

J−1
X

k =1

PK

k
k =1 x1

dt

Still only need slope of aggregate demand!

=t

dx1
dt

(18)

Feldstein

I

Large literature on efficiency cost of labour taxation

I

Feldstein (1995, 1999) - labour supply not a binary choice
but involves multiple dimensions (including evasion)

I

Given a particular set of assumptions, elasticity of taxable
income is a sufficient statistic for calculating deadweight
loss even in this more complicated scenario

Feldstein

I

Individual makes J choices that generates earnings, wj ,
but are associated with disutility ψj (xj )

I

Agent can shelter some earnings from the tax man by
paying cost g(e)
P
Total taxable income is then: TI = wj xj − e

I
I
I

Consumption: c = (1 − t)TI + e
P
Utility: u(c, x, e) = c − g(e) − ψj (xj )

Feldstein

I

Social welfare is
W (t) = {max(1 − t)TI + e − g(e) −
x,e

I

X

wj xj } + tTI

Our friend the envelope theorem comes into play again!
dTI
dW (t)
= −TI + TI + t
dt
dt
dTI
=t
dt

I

(19)

To determine efficiency, irrelevant which mechanism
underlies changes in TI

(20)
(21)

Beware

I

Remember, you can run but you can’t hide from economic
models!

I

Since model primitives not estimated, do not test the
assumptions underlying the formula

I

Chetty (2009): question validity of the assumptions
surrounding evasion

I

Important because large estimates of dTI/dt found to be
driven primarily by evasion (Slemrod, 1995)

Chetty (2009)
I

More flexible model for evasion - some of the costs of
evasion are transfers not just resource costs (e.g. fines)

I

Obtains the following generalisation of the Feldstein
formula
dTI
dLI
dW (t)
= t{µ
+ (1 − µ)
}
dt
dt
dt

(22)

where LI is total earned income and µ = g 0 (e(t))/t.
I

Deadweight loss a weighted average of the taxable income
elasticity and the earned income elasticity with the weight
determined by the resource cost of sheltering

I

If avoidance doesn’t have a large resource cost, changes
in e have little efficiency cost and it should only be the
“real” labour supply responses that matter for DWL

Chetty (2009)
I

Difficulty - now more parameters to identify. Deviating from
the “easy” elasticity approach

I

In this case, can still make progress by using consumption
data

I

Gorodnichenko et al (2009): use flat tax reform in Russia
and infer g 0 (e) from consumption data

I

Real resource costs expended on evasion should be
evident in the gap between income and consumption

I

Find that reported taxable incomes are highly sensitive to
tax rate but the sensitivity is largely driven by avoidance

Welfare Analysis in Behavioural Models

I

Formulas thus far rely on full optimisation by private
individuals

I

What if agents don’t fully optimise?

I

Focus on two papers:
I

Bernheim and Rangel 2009

I

Chetty, Looney, Kroft 2009

Welfare Analysis in Behavioural Models

I

Abstractly, effect of policies on welfare calculated as
I

Effect of policy on behaviour

I

Effect of change in behaviour on utility

I

How to get at the effect of behaviour on utility when agents
don’t optimise?

I

Fear of paternalism

Welfare Analysis in Behavioural Models

I

I

Approach 1: Build positive model of deviations from
rationality
I

Reference dependency, hyperbolic discounting etc

I

Calculate optimal policy within specific model

Approach 2: Choice theoretic welfare analysis (Bernheim
& Rangel 2009)
I

Don’t specify positive model but instead map observed
choices directly onto statements about welfare

I

Similar in spirit to sufficient statistics approach

Welfare Analysis in Behavioural Models

I

e.g. three different health insurance plans with different
copays and corresponding variation in premiums

I

Data from two different settings
I

On red paper, H > M > L

I

On blue paper, M > H > L

Welfare Analysis in Behavioural Models

I

Approach 1: build a model of why colour affects choice and
use it to predict which choice reveals “true” experienced
utility

I

Approach 2: look to bound optimal choice

I

I

L not optimal regardless of positive model

I

Optimal copay bounded between M and H

No theory of choice necessarily needed to make
statements about welfare

Bernheim and Rangel 2009: Setup

I

Derive bounds on welfare purely on choice data

I

In standard model, agents choose from a choice set x ∈ X

I

Goal of policy is to identify optimal x

I

Behavioural models: agents choose from generalised
choice sets (GCS), G = (X , d)

I

d is an “ancillary” condition – affects choice behaviour but
not experienced utility

Bernheim and Rangel 2009: Choice Sets

I

C(X , d) gives choice made in a given GCS

I

Choice inconsistency if C(X , d) 6= C(X , d 0 )

I

Define relation P as xPy if x is always chosen over y for
any d

I

Using P can identify the choice set that maximises welfare

Bernheim and Rangel 2009: Compensating Variation

I

Change in choice set from X to X 0 ⊂ X
I

Compute CV as amount needed to make agent indifferent
to restriction on choice set for each d (standard calculation)

I

Lower bound on CV: minimum over all d’s

I

Upper bound on CV: maximum over all d’s

Bernheim and Rangel 2009: Compensating Variation

I

Suppose restrict set of insurance plans: drop M

I

Under red paper, CV = 0 - no loss in welfare

I

Under blue paper, calculate price cut $ z on H required to
make agent indifferent between H and M

I

Bounds on CV : (0, z)

Bernheim and Rangel 2009: Issue

I

Bounds can be very loose

I

Will only be tight when ancillary conditions do not lead to
big impacts on choices

I

That is when behavioural issues are not important!

I

Partial solution: identify “refinements” ... requires a model
typically...

Applied Welfare Analysis
I

One active area of recent work has been on the
consequences of salience effects — consumers do not pay
full attention to tax/price changes

I

Many different models can be used to generate salience
effects

I

Chetty et al develop a sufficient statistic approach to
welfare that is relatively robust to specifications of the
positive theory of tax salience (although see recent work
by Alcott & Taubininsky on allowing for heterogeneity)

I

Here ignore income effects but can show that similar
results hold with income effects

Chetty, Looney, Kroft 2009

I

Economy with two goods, x and y

I

Normalise price of good y to 1 and let p give price of x

I

Tax inclusive price of x is q = (1 + τ )p

I

Demand for good x given by x(p, τ )

Chetty, Looney, Kroft 2009
I

BR: “refinement”: If agents fully optimise the demand
should only depend on tax inclusive price:
x(p, τ ) = x((1 + τ )p, 0)

I

Thus with full optimisation the price elasticity should equal
the gross of tax elasticity
x,p ≡ −

I

∂ log x
∂ log x
= x,1+τ ≡ −
∂ log p
∂ log(1 + τ )

Log linearise demand function to get estimating equation
log x(p, τ ) = α + β log p + θβ log(1 + τ )

I

(23)

(24)

θ measures the degree to which agents underreact to the
tax:
θ=

x,1+τ
∂ log x
∂ log x
/
=
∂ log(1 + τ ) ∂ log p
x,p

(25)

Chetty, Looney, Kroft 2009

I

Two strategies to estimate θ

I

Manipulate tax salience: make tax as visible as pre-tax
price
v = log x((1 + τ )p, 0) − log x(p, τ )
v
1−θ =−
x,p log(1 + τ )

I

(26)
(27)

Use variation in tax rate and compare elasticities
θ=−

x,1+τ
x,p

(28)

Strategy 1

I

Experiment to manipulate the salience of sales tax in a
supermarket

I

30% of products sold in the store subject to sales tax that
is not included in sticker price

I

Post tax inclusive prices on the shelf for a subset of
products

I

Use scanner data on price and weekly quantity sold

Strategy 1

Strategy 1

I

Difference-in-differences

I

Treatment group

I

I

Products: cosmetics, deodorant and hair accessories

I

Store: One large store in Northern California

Control group
I

Other products in same aisle

I

Stores: Two nearby stores with similar demographic
characteristics

Statistical Significance & Permutations

I

Standard error calculations require assumptions about
error structure

I

E.g. Allow for correlation in purchases across products in a
store-week-category cell

I

Standard parametric approach is to cluster standard errors
by store-week-category

I

But appropriate level of clustering often unclear - should
we also allow for correlation across stores or categories?

Statistical Significance & Permutations

I

Permutation test: useful technique for inference with
correlated errors

I

Pretend intervention occurred in each of the other (store,
week, category) elements of the sample and recompute
DD estimate

I

Where does actual treatment effect lie in the empirical CDF
of placebo treatment effects

Strategy 2

I

Compare the effects of price changes and tax changes

I

Exploit state and time level variation in excise (inc. in price)
and sales tax (added at till)

Efficiency cost with Salience Effects

I

Now return to how we can recover efficiency loss of
taxation from elasticities

I

With salience have two demand curves, price-demand
x(p, 0, Z ) and tax demand x(p, t, Z )

I

Need to make use of both for deadweight loss calculation

Efficiency cost with Salience Effects

I

Assuming quasi-linearity have that
U(x, y ) = u(x) + y
= u(x) + Z − (p + t)x

I

(29)
(30)

Social welfare can then be expressed as
W (p, t) = {u(x) + Z − (p + t)x} + tx(t)

(31)

Efficiency cost with Salience Effects
I

In non-optimizing models once must deviate from simply
applying the envelope condition because not at an optimal
point

I

Totally differential the SWF
dW
dx
dx
dx
= u 0 (x)
− (p + t)
−x +x +t
dt
dt
dt
dt
dx
= (u 0 (x) − p)
dt

I

In neoclassical models, u 0 (x) = p + t and immediately
obtain previous results

(32)
(33)

Efficiency cost with Salience Effects

I

Assume: when tax fully salient, agent picks the same as a
fully optimising individual :
x(p, 0) = arg maxx u(x) + Z − px

I

Let P(x) = x −1 (p, 0) give the agents inverse price-demand
curve

I

Assumption above implies that u 0 (x) = P(x)
dx
dW
= (P(x) − p)
dt
dt

(34)

Efficiency cost with Salience Effects
I

To simplify assume that demand is linear in x and t to
obtain
dp
dx
dW
=
(x(p, t) − x(p, 0))
dt
dx
dt
dp dx dx
=
( t)
dx dt dt
dx
= tθ
dt

(35)
(36)
(37)

I

Without income effects, salience effects reduces welfare
losses because it is as if the demand curve is more
inelastic

I

Does not follow once allow for income effects

Summary & Drawback
I

Sufficient statistics: use economic models to define
formulas for model features, e.g. welfare effects, that are
functions of high-level elasticities

I

Might be many combinations of primitives that are
observationally equivalent but all have the same welfare
implications

I

Sufficient statistics approaches are not model free but
often don’t go far enough to test key assumptions
underlying interpretation of results – potential for
misapplication

I

A new sufficient statistic for every question?

