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DRAFTMotivation

� Economists have made remarkable progress over the last several decades in developing

empirical techniques that provide compellingevidence of causal e�ects �the so-

called`credibility revolution� in empirical work. . .

But while it is interesting and important to know what the e�ects of a policy are, we

are o�en also interested in anormative question as well: Is the policy agood idea or

a bad idea?

. . .What is thewelfare impact of the policy ?�

�Finkelstein and Hendren (2020)
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DRAFTMotivation

I Measuring welfare requires taking a stance on behavior at unobserved points.

I Many papers impose �standard� functional form assumptions.

! Linear interpolation: Dlinear(p) = A � � p.

I Harberger (1964); Hackmann et al. (2015); Amiti et al. (2019); Hahn and Metcalfe (2021).

! Isoelastic interpolation: Disoelastic(p) = Ap� " .

I Hausman (1981); Hausman et al. (1997); Brynjolfsson et al. (2003); Fajgelbaum et al. (2020).

How robust are welfare estimates to the choice of functional form assumption?
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DRAFTThis Paper

I We establish measures ofrobustness for quantitative welfare conclusions.

� How much variability in the demand curve can there be before the conclusion flips?

I We parametrize variability through conditions ongradients andcurvature .

� In each case, we obtain a single-dimensional statistic of relative robustness.

I To guarantee robustness, we establishwelfare bounds .

� These bounds arerobust : they give thebest-caseandworst-casewelfare estimates

that are consistent with any demand curve within a class of variability.

� These bounds are alsosimple : we can compute them in closed form.
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DRAFT
Framework
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DRAFTPotential Outcomes for Demand: An Experimental Ideal

I Suppose we randomly assign prices for a good to two groups:

� Group t = 0 gets pricep0.

� Group t = 1 gets pricep1.

� We observe individuali buying yit units at her assigned pricept .

I Consider thepotential outcomes:

yi =

8
<

:

yi1 if t = 1;

yi0 if t = 0:
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DRAFTPotential Outcomes for Demand: An Experimental Ideal

I Suppose we randomly assign prices for a good to two groups.

I Consider thepotential outcomes:

yi =

8
<

:

yi1 if t = 1;

yi0 if t = 0:

I Define aggregate demand:

D(pt ) = E[yit ] for t = 0; 1:

I With sample estimator:

D̂(pt ) =
1
nt

ntX

i= 1

yit for t = 0; 1:
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DRAFTPotential Outcomes for Demand: An Experimental Ideal

I Our goal is to estimate the di�erence in consumer surplus between the two groups.

D(p)

0
q

p

p1

D̂(p1)

p0

D̂(p0)

A B

I With D(p), the di�erence in CS is equal to:

areaA| {z }
=( p1� p0)D̂(p1)

+ areaB =
Z p1

p0

D(p) dp:

I Main challenge:

D(p) isn't identified betweenp0 andp1.
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DRAFTCommon Approach: Linear Interpolation

I Our goal is to estimate the di�erence in consumer surplus between the two groups.

D(p)

0
q

p

p1

D̂(p1)

p0

D̂(p0)

A B

I Estimate regression:

yit = � 1 � � 2pt + � it :

I Integrate underD̂(p) = �̂ 1 � �̂ 2p (w.r.t.p):

[�CS linear =
1
2

(p1 � p0)
�
D̂(p1) + D̂(p0)

�
:

Introduction Framework Robustness in Gradients Robustness in Curvature Conclusion 9



DRAFTCommon Approach: Isoelastic Interpolation

I Our goal is to estimate the di�erence in consumer surplus between the two groups.

logD(� )

0
logq

logp
| {z }

= �

logp1| {z }
= � 1

logD̂(� 1)

logp0| {z }
= � 0

logD̂(� 0)

I Estimate regression:

log(yit ) = � 1 � � 2 log(pt ) + � it :

I Integrate underD̂(log p) = �̂ 1p� �̂ 2 (w.r.t. p):

[�CS isoelastic=
(p1q̂1 � p0q̂0) log (p1=p0)
log (q̂1=q̂0) + log ( p1=p0)

;

where q̂t = D̂(log pt ):
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DRAFTHow di�erent are these functional forms?

D(p)

0
q

p

p1|{z}
= p0(1+ � )

q1

p0

q0

I Example from Trump tari�s: Amiti et al. (2019).

I Se�ing: 2018 trade war involved tari�s as high

as 30�50%.

I �estion: What was the DWL due to tari�s?

I Approach: Compare monthly prices and

quantities by item in 2017 vs. 2018.

I Method: ApproximateD(p) with a linear curve;

integrate under the curve.
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DRAFTDWL estimates based on di�erent functional forms
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DRAFTParametrizing variability in demand curves

I Two commonly used functional form assumptions are linear and isoelastic demand.

� Linear demand: constant gradient, zero curvature. ; of demand w.r.t. price

� Isoelastic demand: constant gradient, zero curvature.; of log-demand w.r.t. log-price

Generalization: A(q) is a�ine in B(p), whereA, B are continuous and increasing.

; E.g.,A = B = id (linear);A = B = log (isoelastic);A = log, B = id (exponential). . .

; Would welfare conclusions derived under these functional forms continue to hold if:

� A(q) had non-constant gradient in B(p)?

� A(q) had non-zero curvature in B(p)?
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DRAFTRange of gradients along the demand curve

D(p)

0
q

p

p1

q1

p0

q0

Under the assumption of linear demand, suppose

�CS linear � W < 0:

This assumesD0(p) = constant= � � avg for all p.
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DRAFTRange of gradients along the demand curve

D(p)

0 q

p

p1

q1

p0

q0

Under the assumption of linear demand, suppose

�CS linear � W < 0:

This assumesD0(p) = constant= � � avg for all p.

What is the smallestr s.t.

D0(p) 2 [� � avg=(1 � r) ; � � avg(1 � r)]; r 2 [0; 1];

but the curveD(p) flips the conclusion:

�CS � W � 0?
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DRAFTRange of gradients along the demand curve

D(p)

0 A(q)

B(p)

B(p1)

A(q1)

B(p0)

A(q0)

Under the assumption thatA(q) is a�ine in B(p),

suppose

�CS � W < 0:

This assumes that the gradient ofA vs.B is constant.

What is the smallestr s.t. the gradient ofA vs.B is in

[� � avg=(1 � r) ; � � avg(1 � r)]; r 2 [0; 1];

but the curveD(p) flips the conclusion:

�CS � W � 0?

Introduction Framework Robustness in Gradients Robustness in Curvature Conclusion 16



DRAFT
Robustness in Gradients

Introduction Framework Robustness in Gradients Robustness in Curvature Conclusion 17



DRAFTWelfare bounds for robustness in gradients

Suppose that the graph ofA v.s.B has a gradient bounded between� and � , i.e.,

A0(D(p))D0(p)
B0(p)

2 [� ; � ] for p 2 [p0; p1]:

What does this imply about the largest and smallest possible values of�CS ?

Theorem (welfare bounds for gradients).

Under the above assumption, the largest and smallest possible values of the change

in consumer surplus�CS are a�ained by 2-piece A-B-linear interpolations .
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DRAFTDefining 1-piece and 2-piece interpolations

D(p)

0 q

p

p1

q1

p0

q0

(1-piece) linear

interpolation

D(p)

0 q

p

p1

q1

p0

q0

2-piece linear

interpolation
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DRAFTDefining 1-piece and 2-piece interpolations

D(p)

0 A(q)

B(p)

B(p1)

A(q1)

B(p0)

A(q0)

(1-piece)A-B-linear

interpolation

D(p)

0 A(q)

B(p)

B(p1)

A(q1)

B(p0)

A(q0)

2-pieceA-B-linear

interpolation
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DRAFTWelfare bounds: Deriving a threshold

Theorem (welfare bounds for gradients).

Under the above assumption, the largest and smallest possible values of the change

in consumer surplus�CS are a�ained by 2-piece A-B-linear interpolations .

D(p)

0
q

p

p1

q1

p0

q0

� ! �1
� ! 0,

D(p)

0
q

p

p1

q1

p0

q0
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DRAFTGeometric derivation of welfare bounds Back

D(p)

0
q

p

p1

q1

p0

q0 0
A(q)

B(p)

B(p1)

A(q1)

B(p0)

A(q0)
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DRAFTGeometric derivation of welfare bounds Back
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q

p
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DRAFTWhat if we have more price points?

D(p)

0
q

p

p2

q2

p1

q1

p0

q0 0
A(q)

B(p)

B(p2)

A(q2)

B(p1)

A(q1)

B(p0)

A(q0)
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DRAFTHow does this work in practice?

I Suppose we observe price + quantity data for a good in a few markets att = f 0; 1g

I For now: suppose there was an exogenous price shock att = 1

e.g. an import tari� (w/ pass through 1)

e.g. a local subsidy/discount in an experiment or promotion
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DRAFTHow does this work in practice?

I We observe di�erent pre/post price points in each market...

I But the markets are also di�erent...

; In this example: RCL logit with market FEs

Introduction Framework Robustness in Gradients Robustness in Curvature Conclusion 25



DRAFTHow does this work in practice?

I We observe di�erent pre/post price points in each market...

I But the markets are also di�erent...

; In this example: RCL logit with market FEs

Introduction Framework Robustness in Gradients Robustness in Curvature Conclusion 25



DRAFTHow does this work in practice?

I We don't have really have enough data for BLP

) What do we do?
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DRAFTCommon Approach: Linear Interpolation

I Our goal is to estimate the di�erence in consumer surplus between the two groups.

D(p)

0
q

p

p1

D̂(p1)

p0

D̂(p0)

A B

I Estimate regression:

yit = � 1 � � 2pt + � it :

I Integrate underD̂(p) = �̂ 1 � �̂ 2p (w.r.t.p):

[�CS linear =
1
2

(p1 � p0)
�
D̂(p1) + D̂(p0)

�
:
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DRAFTHow does this work in practice?

I A common approach: (di� in di�) linear regression:

qmt = � pmt + FEm + � mt (1)

) interpretation: � is the average treatment e�ect of� p

) interpretation: � is the averagegradientof the demand curve(s)

; we can assume demand is linear/isoelastic/etc., and extrapolate
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DRAFTHow does this work in practice?
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DRAFTHow does this work in practice?

I A common approach: (di� in di�) linear regression:

qmt = � pmt + FEm + � mt (2)

) interpretation: � is the averagegradientof the demand curve(s)

) we can assume demand is linear/isoelastic/etc., and extrapolate

; Is this a good approximation?
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DRAFTHow does this work in practice?
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DRAFTHow does this work in practice?

I A common approach: (di� in di�) linear regression:

qmt = � pmt + FEm + � mt (3)

) interpretation: � is the averagegradientof the demand curve(s)

) we can assume demand is linear/isoelastic/etc., and extrapolate

) Is this a good approximation?

; In practice, we can't know the truth

; But we can construct bounds to see how far o� we might be
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DRAFTHow does this work in practice?
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DRAFTHow does this work in practice?

For each market. . .

I Takep0, p1, q0 and imputeq1 = q0 + �̂ � p

I Forr 2 [0; 1], compute bounds on�CS w/ Theorem 1

Suppose the price shock had a positive welfare externalityW

I Policy question: Is the externality benefitW bigger than the cost�CS ?

I Robustness question:

What is the minimum gradient range s.t.�CS is guaranteed to be belowW?
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DRAFTHow does this work in practice?
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DRAFTHow does this work in practice?

For each market. . .

I Takep0, p1, q0 and imputeq1 = q0 + �̂ � p

I Forr 2 [0; 1], compute bounds on�CS w/ Theorem 1

Suppose the price shock had a positive welfare externalityW

I Policy question: Is the externality benefitW bigger than the cost�CS ?

I Robustness question:

What is the minimum gradient range s.t.�CS is guaranteed to be belowW?

Note: Only the boundaries on the magnitude of�CS ma�ers for this question
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