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Some Questions

1 What was the impact of the 1961 division of Berlin on the welfare of West
Berlin landowners?

(Ahlfeldt, Redding, Sturm and Wolf, 2015)

2 What was the impact of the 1950-2010 rise in demand for tourism in Mexico
on the welfare of Mexican residents?

(Faber and Gaubert, 2018)

3 What was the impact of the 2018-19 US-China trade war on the welfare of
US residents?

(Fajgelbaum, Goldberg, Khandelwal and Kennedy, 2020)

For each of these studies, imagine:

Normalizing the researchers’ answer to “1”
What is the probability distribution of your belief about the true answer?
Y/N: does the true answer lie within (0.5, 1.5) with probability > 2

3 ?
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How do researchers answer questions like these?

Common scenario: seems that no purely data-driven answer exists

Recent rise in Spatial Economics in the use of structural econometric models

(“quantitative models” is perhaps a more accurate name for cases where
relatively little focus on estimation)

In this talk I hope to stimulate a discussion about:

How useful such methods are for achieving their stated goals
And what might be done to improve the credibility of the answers provided

Background reading:

Donaldson (JEP 2022) is a gentle introduction to many of the themes
discussed here
FN #1 in that paper contains a long list of broader methodological papers
about structural models in Economics that I have found useful
Adao, Costinot and Donaldson (2023) “Putting Quantitative Models to the
Test” is newer material that I will emphasize today
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Why might we not trust QSMs?

The world is a complicated place:
Even firms have no idea what their production functions are. (And consumers’
utility functions?!)
What is a good? What is a market? Who is the Walrasian auctioneer?

Models are always abstractions. That’s the whole point of them! (“All
models are wrong. But some are [hopefully] useful.” - G. Box)

But why would we think that the abstractions chosen are useful ones?
Substantive observations:

Even when we do allow for market failures, basically infinite set of different
types of strategic interactions, asymmetric info, etc. we could choose.
Even symmetric uncertainty seems very hard for modeler to know extent of

Sociological observations:
Consider how much basic methodological/modeling choices differ across fields
of Econ.
Why do all Econ models seem to have about 2-10 non-trivial parameters, no
matter the scope of abstraction (e.g. super micro or super macro)?

Of course there is Friedman’s (1966) argument about billiard players, but that
rested on an empirical claim.
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Why would we trust QSMs?

Seems to me like the answer would come from one or both of:

1 Introspection:

But see comments on previous slide
My personal suspicion is that we choose the functional forms of structural
models largely for their tractability, because we follow norms/precedent,
and/or our own lack of imagination. E.g. CES is simple (elasticity both
common and constant), has one parameter, is symmetric, satisfies IIA, etc.
Tractability is great for getting quickly to some estimate, but why would it
help with delivering a trustworthy one?

2 Evidence

But what evidence really tells us that the models are trustworthy?
And surely such evidence would be based on the end use of the model:
evaluating Box’s “is the model useful?”
Who does this? [For a laugh, see Section 6 of Ed Leamer’s chapter in the
2007 Handbook of Econometrics on “Linking the Theory with the Data”]
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A running example: FGKK (2020)

From abstract: “After decades of supporting free trade, in 2018 the U.S.
raised import tariffs and major trade partners retaliated. [...] the aggregate
real income loss was $7.2 billion, or 0.04% of GDP”

Let’s use this example to think about how researchers might arrive at an
answer like that
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A General Economic Model

Setup/notation follows Adao, Costinot, Donaldson and Sturm (2023)

Domestic technology: firm f produces net output ỹ(f ) ∈ Υ(f )

Domestic preferences: individual n has utility u(n) = u(c(n); n)

Domestic ownership: individual n owns share ϕ(f , n) of firm f (and
endowments of factors are just simple “firms”)

Domestic competition: high-level conditions s.t. any change in the envt.
results in (even at the firm’s max) dπ(f ) = ỹ(f ) · dp + p · dỹ(f )
Domestic taxes and transfers:

Specific trade taxes on different goods g : pg = pwg + tg
Uniform lump-sum transfer: τ
Production/sales taxes ty drive wedge between dom. cons. prices (p) and
producer prices (q)
Income tax schedule T (π · ϕ(n); n); marginal rate t(n)

Domestic externalities: let Υ(f ), u(n), Ω(·) all depend on arbitrary
externalities z (which can itself depend arbitrarily on allocation and prices)

Foreign offer curve: Net imports m are feasible if m ∈ Ω(pw )
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Counterfactuals

Consider any change caused by a small change in trade taxes (or foreign
shocks)

but similar expressions easy to derive if domestic tech/prefs/other taxes change

If consumers and firms are optimizing, endog. changes must satisfy:

∑
n

ν(n)du(n) = β · d(ω − ω̄)︸ ︷︷ ︸
Dom. redistribution

+ (t · dm)︸ ︷︷ ︸
Fiscal ext.: trade taxes

− (m · dpw )︸ ︷︷ ︸
Redistribn. from abroad

+ (ty · dỹ total)︸ ︷︷ ︸
Fiscal ext.: other taxes

+∑
n

∑
f

β(n)ϕ(f , n)(p · dy(f ))︸ ︷︷ ︸
“Markup/down” × ∆allocation

+ (∑
n

∑
f

β(n)(ϕ(f , n)πz (f )− ez (n)) · dz︸ ︷︷ ︸
Effect on un-internalized externalities

Where ν(n) is arbitrary set of (marginal) “SWF” weights, µ(n) is MU of

income, and β(n) ≡ µ(n)ν(n)

∑′
n µ(n′)ν(n′) ; and as usual the ET implies that

dω(n) ≡ (1− t(n))(∑f ϕ(f , n)dπ(f ))− c(n) · dp
If not optimizing, add additional wedges (FOC gaps) for “internalities”
UEA Summer School (2024) Dave Donaldson (MIT) 8 / 65



Counterfactuals

Previous expression contains a ton of insight about the forces that must be
driving any changes in essentially any economy.

In other words: a key part of understanding the counterfactuals that come
from structural models relies on mapping the answers they spit out to the
terms above

And if we are to trust structural models we need assurances that they get
these terms right
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Establishing Trust

How could a researcher establish trust that their counterfactual prediction
about ∑n ν(n)du(n) is accurate?

Each term of ∑n ν(n)du(n) takes the form (where “j” could index goods,
firms, or people):

“Effect” = ∑
j

ωjdyj ≡ N × Eω [dy ]

Where:
ωj is a “weight” (but NB: ωj < 0 and ∑j ωj ̸= 1 are possible) that is a
“level” characteristic of the pre-shock economy (i.e. not something to do with
the counterfactual, and not a causal “response” of any sort)
dyj is the causal response in the endogenous outcome yj induced by our shock
of interest (probably ̸= the observed change dy in the data, since other shocks
will likely have happened too)

We should trust structural models iff they get N × Eω [dy ] right. Which
means that they should correctly measure/model each of:

1 The weights ωj
2 The average causal response Eω [dy ] (which should be a lot easier than getting

every single causal response right)
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Establishing Trust: In the Weights ωj (Part I)

Sometimes ωj is just the initial level of some outcome (e.g. the m in the
term m · dpw ).

So these should be “easy” to measure in the raw data.

Intuition here is related to why DEK/“exact-hat algebra” works (and indeed
works for essentially any model not just CES/gravity/etc—see Adao, Costinot
and Donaldson (2017).)

Indeed, sometimes extra easy due to convenient aggregation:

May have a prior that the shock vector dy will only move in certain aggregate
ways, so that only the corresponding aggregate of weights needs to be known.
E.g. in competitive models, for many shocks dpw only moves because countries’
factor prices move. So m that matters is the (very low-dim.) factor content of
trade, not (very high-dim.) trade. See Adao, Costinot and Donaldson (2017).

But when data not available, a role that some structural models can play is to
effectively make up the raw data on the initial levels.

So premium on basic measurement should be high.
That said, Dingel and Tintelnot (2023) provide warnings about “over-fitting”
like problems when the granularity of data required for ωj is high
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Establishing Trust: In the Weights ωj (Part II)

Sometimes, ωj is simply the value of a tax in the pre-period.

Again, in principle “easy” to measure (tax rates = legislation).
In practice, can worry about tax avoidance and evasion. But see Feldstein
(1999) for when that does and does not matter

Sometimes ωj is a non-tax wedge (e.g. a markup or an externality wedge)
in the pre-period.

Now the “basic measurement” is not at all easy
But in principle it could be done in a relatively “model-free” way (i.e. far less
model-dependent than the prediction of dy responses will be).
E.g. think of the Hall/de Loecker-Warzynski approach to markup estimation.
(Or common approaches to agglomeration externality estimation.)
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Establishing Trust: In the Weights ωj (Part III)

Sometimes, ωj involves SWF weights ν(n).
Surely very hard to know what to do with these
But also reminds us that the choices we make here are unavoidably important.
All too common in applied work to see ν(n) = 1 (and hence β(n) ∝ µ(n))
used without commentary.
Indeed, some choices of SWF can lead to paradoxical-seeming results (e.g. a
strict technology improvement in a closed and undistorted economy actually
lowers researcher’s notion of aggregate welfare) until one realizes what is going
on.

Bottom line: know your weights!

Know your distortions (why/where departing from First Welfare Theorem?)
Know your SWF (when have multiple agents...which usually is the case in any
spatial model with imperfectly mobile factors).
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Establishing Trust: In the Causal Responses Eω[dy ] Part I

Sometimes (and for some “Effect”s above) we do have special settings in
which Eω [dy ] is identified from some quasi-experimental variation (and data
on the weights ω).

This is the heart of the Chetty (2009) exposition of the “sufficient statistics”
approach.

Also see Kleven (2022) for a very nice critical review. But to me Kleven’s
critiques seem minor relative to my distrust of the much stronger assumptions
made in QSMs.

Aside: if measuring Eω [dy ] in situations where wedges are changing in
complicated but known ways (e.g tax contexts, or even not changing at all),
then trick in Lee et al (2021) can be useful/simplifying.
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Establishing Trust: In the Causal Responses Eω[dy ] Part II

But at a more general level, the whole point of using a structural model is
that we are interested in things for which purely data-driven approaches,
based on quasi-experimental variation, don’t apply.

That is, literally, the counterfactual embodied in dy (the change in y that
occurs only because of our policy change of interest) is truly counterfactual,
and that counterfactual can’t be observed (even in expectation)
nonparametrically in the data.

Examples of how this can occur:

Ex-ante: the policy of interest has just never happened
Out of support: a similar policy happened, but we want to consider enlarging it
No quasi-experimental variation in the policy (but it did happen)
Not “enough” quasi-experimental variation in the policy: e.g. SUTVA
violations (spillovers across Treatment and Control units)

UEA Summer School (2024) Dave Donaldson (MIT) 15 / 65



Establishing Trust: In the Causal Responses Eω[dy ] Part III

Clearly, when faced with a given question, we can only do the best we can
with the plausibly valid quasi-experimental variation we can find.

But thinking about what is inside each Eω [dy ] is, to me, by far the most
useful way of thinking about: “How can I best use the quasi-experimental
variation available to me so as to identify ‘as much’ of Eω [dy ] as possible
before having to rely on a structural model for the rest?”

How did FGKK do this?
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Fajgelbaum et al (QJE 2020)

Fajgelbaum et al. look at impacts of the US-China “trade war” tariff changes
of 2017-18.

In particular, they start with event studies (for various outcomes “y”):

∆ ln yigt = ηig + ηgt + ηm
it + ∑

j=−6,6

β0j I(eventigt = j)

+ ∑
j=−6,6

β1j I(eventigt = j)× targetig + εigt

Where i is the foreign country, g is the product, t is time (month), and
targetig denotes products that were targeted (for tariff changes during the
trade war) by the country i .
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Fajgelbaum et al (QJE 2020)Figures and Tables
Figure I: Trade War Timeline

Panel A: Tariffs on U.S. Imports
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Notes: Figure shows the unweighted average tariff rate of targeted import and export varieties for each tariff wave before and
after they are targeted. Import tariffs constructed from U.S. International Trade Commission (USITC) documents, and
retaliatory tariffs constructed using official documents from foreign finance and trade ministries.UEA Summer School (2024) Dave Donaldson (MIT) 18 / 65



Fajgelbaum et al (QJE 2020)

Figure II: Variety Event Study: Imports
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Notes: Figure plots event time dummies for targeted varieties relative to untargeted varieties. Regressions include country-
product, product-time, and country-time fixed effects. Standard errors clustered by country and HS-8. Event periods before -6
are dropped, and event periods >=6 are binned. Error bars show 95% confidence intervals. In Appendix B we provide evidence
that the temporary surge in imports during event period 2 reflects an anticipation response to additional tariff threats on a
subset of Chinese varieties. Sample: Monthly variety-level import data from U.S. Census. Sample period is 2017:1 to 2019:4.
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Fajgelbaum et al (QJE 2020)

Figure III: Variety Event Study: Exports
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Notes: Figure plots event time dummies for targeted varieties relative to untargeted varieties. Regressions include country-
product, product-time, and country-time fixed effects. Standard errors clustered by country and HS-6. Event periods before
-6 are dropped, and event periods >=6 are binned. Error bars show 95% confidence intervals. Sample: Monthly variety-level
export data from U.S. Census. Sample period is 2017:1 to 2019:4.
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What do these responses imply for US agents’ welfare?

Recall that in general the answer is:

∑
n

ν(n)du(n) = β · d(ω − ω̄)︸ ︷︷ ︸
Dom. redistribution

+ (t · dm)︸ ︷︷ ︸
Fiscal ext.: trade taxes

− (m · dpw )︸ ︷︷ ︸
Redistribn. from abroad

+ (ty · dỹ total)︸ ︷︷ ︸
Fiscal ext.: other taxes

+∑
n

∑
f

β(n)ϕ(f , n)(p · dy(f ))︸ ︷︷ ︸
“Markup/down” × ∆allocation

+ (∑
n

∑
f

β(n)(ϕ(f , n)πz (f )− ez (n)) · dz︸ ︷︷ ︸
Effect on un-internalized externalities

How could we possibly go from the previous diff-in-diff regressions to the
“Effects” in this equation?

Only game in town: write down a full GE model that makes assumptions
needed to extrapolate from the diff-in-diffs to the aggregate effect

∑n ν(n)du(n)
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FGKK (2020): Domestic Households

Household in region r and sector s has endowment of Lrs,t units of labor

All households have common nested CES preferences:

Ut = (CNT ,t)
βNT ,t (CT ,t)

βT ,t

CT ,t = ∏
s∈S

(CTs,t)
βs,t , CTs,t =

[
(ADs,t)

1
κ (Ds,t)

κ−1
κ + (AMs,t)

1
κ (Ms,t)

κ−1
κ

] κ
κ−1

Ds,t =

[
∑

g∈Gs

(aDg ,t)
1
η (dg ,t)

η−1
η

] η
η−1

, Ms,t =

[
∑

g∈Gs

(aMg ,t)
1
η (mg ,t)

η−1
η

] η
η−1

mg ,t =

[
∑
i∈F

(aig ,t)
1
σ (mig ,t)

σ−1
σ

] σ
σ−1
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FGKK (2020): Domestic Firms

Competitive firms in each region r and sector s take good and factor prices
as given

Nested CES technologies:

QNTr ,t = ZNTr ,tLNTr ,t

Qsr ,t = Zsr ,t (Isr ,t)
αIs,t (Lsr ,t)

αLs,t , αIs,t + αLs,t < 1

Isr ,t = ∏
k∈S

(Iksr ,t)
αks,t , ∑

k∈S
αks,t = 1

∑
g∈Gs

qgs,t
zgs,t

= ∑
r

Qsr ,t
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FGKK (2020): Foreign Import Demand and Export Supply

Given export price pxik,t , exports (given by foreign import demand):

xig ,t = aFig ,t

(
(1+ τF

ig ,t)p
X
ig ,t

)−σF

Given (pre-tariff) import price pFig ,t , foreign export supply is

mig ,t = (p∗ig ,t)
1

ωF (zFig ,t)
1

ωF

Government at Home imposes import tariffs so that import price is

pig ,t = (1+ τig ,t)p
∗
ig ,t

Government uses a lump-sum transfer Tt to rebate tariff revenue and foreign
transfer Dt
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How does the model help answer the question?

Recall that in general the answer is:

∑
n

ν(n)du(n) = β · d(ω − ω̄)︸ ︷︷ ︸
Dom. redistribution

+ (t · dm)︸ ︷︷ ︸
Fiscal ext.: trade taxes

− (m · dpw )︸ ︷︷ ︸
Redistribn. from abroad

+ (ty · dỹ total)︸ ︷︷ ︸
Fiscal ext.: other taxes

+∑
n

∑
f

β(n)ϕ(f , n)(p · dy(f ))︸ ︷︷ ︸
“Markup/down” × ∆allocation

+ (∑
n

∑
f

β(n)(ϕ(f , n)πz (f )− ez (n)) · dz︸ ︷︷ ︸
Effect on un-internalized externalities

How did the model assumptions simplify this stuff?

We are left with
1

µ
du = (t · dm)− (m · dpw )

Simpler. But how do we estimate objects like t · dm and m · dpw?
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Back to the diff-in-diff regressions

In this model, the US import-demand and export-supply functions can be
expressed as:

∆ lnmigt = ηm
gt + ηm

it + ηm
is − σ∆ ln pigt + εmigt

∆ ln pFigt = ηpF

gt + ηpF

it + ηpF

is + ωF ∆ lnmigt + εp
F

igt

This is suggestive of the earlier diff-in-diff regressions we saw

In particular, if we think of (US and foreign retaliatory) tariff changes as
potential IVs in these structural equations, the previous regressions are
formally the corresponding reduced-form equations

Identification: Tariffs create wedge between what importer pays and exporter
receives. Shifts down the D curve for any given price received by the
exporter, tracing S curve. Shifts up supply curve for any given price paid by
the consumer, tracing D curve. (If uncorrelated with other S/D shifters.)
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Estimates of σ and ωF from US tariff changes
(NB: I’m calling ωF what they call ω∗. Similarly for p∗.)

Table IV: Variety Import Demand (σ) and Foreign Export Supply (ω∗)

(1) (2) (3) (4) (5) (6)
∆ ln p∗

igtmigt ∆ lnmigt ∆ ln p∗
igt ∆ ln pigt ∆ ln p∗

igt ∆ lnmigt

∆ ln(1 + τigt) -1.52∗∗∗ -1.47∗∗∗ 0.00 0.58∗∗∗

(0.18) (0.24) (0.08) (0.13)
∆ lnmigt -0.00

(0.05)
∆ ln pigt -2.53∗∗∗

(0.26)
Product × Time FE Yes Yes Yes Yes Yes Yes
Country × Time FE Yes Yes Yes Yes Yes Yes
Country × Sector FE Yes Yes Yes Yes Yes Yes
1st-Stage F 36.5 21.2
Bootstrap CI [-0.14,0.10] [1.75,3.02]
R2 0.13 0.13 0.11 0.11 0.00 .
N 2,993,288 2,454,023 2,454,023 2,454,023 2,454,023 2,454,023

Notes: Table reports the variety-level import responses to import tariffs. Columns 1-4 report import values,
quantities, before-duty unit values, and duty-inclusive unit values regressed on the statutory tariff rate. Column
5 reports the foreign export supply curve IV regression, ω̂∗, from equation (9); the first stage is column 2.
Column 6 reports the import demand curve IV regression, σ̂, from equation (8); the first stage is column 4. All
regressions include product-time, country-time and country-sector fixed effects. The coefficient in column (4) is
not 1 plus the coefficient in column (3) because the duty-inclusive unit value is constructed using actual duties
collected by U.S. customs data. Standard errors clustered by country and HS-8. 90% Bootstrap confidence
intervals constructed from 1000 samples. Significance: * 0.10, ** 0.05, *** 0.01. Sample: monthly variety-level
import data from 2017:1 to 2019:4.

So σ̂ =?? and ω̂F =??
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Back to the diff-in-diff regressions (again)

Symmetrically (due to the way the model was set up!) the foreign
import-demand function can be expressed as:

∆ ln xigt = ηx
gt + ηx

it + ηx
is − σF ∆ ln((1+ τF

igt)p
F
igt) + εxigt

FGKK also estimate an analogous US (product-level) export-supply function,
but this is not a structural equation in the model (so ω is not a structural
parameter):

∆ ln pXigt = ηp
gt + ηp

it + ηp
is + ω∆ ln xigt + εpigt

So again these are related to the earlier diff-in-diff regressions we saw (and
the elasticities are identified via a similar intuition as before)
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Estimates of σF and ω from retaliatory tariff changes
(NB: I’m calling τF what they call τ∗.)

Table VII: Foreign Import Demand σ∗

(1) (2) (3) (4) (5) (6)
∆ ln pX

igtxigt ∆ ln xigt ∆ ln pX
igt ∆ ln pX

igt(1 + τ∗
igt) ∆ ln pX

igt ∆ ln xigt

∆ ln(1 + τ∗
igt) -0.99∗∗∗ -1.00∗∗∗ -0.04 0.96∗∗∗

(0.28) (0.36) (0.16) (0.16)
∆ ln xigt 0.04

(0.16)
∆ ln pX

igt(1 + τ∗
igt) -1.04∗∗∗

(0.32)
Product × Time FE Yes Yes Yes Yes Yes Yes
Country × Time FE Yes Yes Yes Yes Yes Yes
Country × Sector FE Yes Yes Yes Yes Yes Yes
1st-Stage F 7.8 38.2
Bootstrap CI [-0.30,0.26] [0.73,1.39]
R2 0.07 0.07 0.06 0.06 . 0.51
N 3,306,766 2,564,731 2,564,731 2,564,731 2,564,731 2,564,731

Notes: Table reports the variety-level export responses to retaliatory tariffs. Columns 1-4 report reduced form regres-
sions of export values, quantities, before-duty unit values, and duty-inclusive unit values on ∆ ln(1 + τ∗igt), the change
in retaliatory export tariffs. Column 5 reports the IV regression that estimates the U.S. export supply elasticity ω̂; the
first stage is column 2. Column 6 reports the IV regression that estimates the foreign import demand elasticity σ∗; the
first stage is column 4. All regressions include product-time, country-time and country-sector fixed effects. Standard
errors clustered by country and HS-6. 90% Bootstrap confidence intervals constructed from 1000 samples. Significance:
* 0.10, ** 0.05, *** 0.01. Sample: monthly variety-level export data from 2017:1 to 2019:4.

So σ̂F =?? and ω̂ =??
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What about the remaining elasticities κ and η?

Think about η. This is the elasticity across products g for US demand
(whereas σ was the within-product, cross-origin elasticity for US demand).

Standard exercise in nested-CES system algebra to show that:

∆ ln(Expenditure)Mgt = FEst + (1− η)∆ ln(pMgt) + εMgt

where (Expenditure)Mgt ≡ pMgtmgt ≡ ∑i∈F pigtmigt , and pMgt is the exact
(Feenstra, 1994) price index for the product g “bundle”

∆ ln pMgt ≡ 1

1− σ
ln

(
∑

i∈Cgt

sigt exp
(
(1− σ)∆ ln(pFigt(1+ τigt)) + aigt

))

− 1

1− σ
ln

(
Sg ,t+1(Cgt)

Sg ,t(Cgt)

)
and where sigt is the share of continuing variety i in all continuing varieties
(between t and t + 1) and Sg ,t(C ) is the share of the varieties in the set C
among the total imports of product g at time t.

And can estimate all aigt from the residuals of the σ regressions
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What about the remaining elasticities κ and η?

But how to identify η? Simultaneity bias just as severe, potentially, at any
level of aggregation.

Natural to use IVs based on weighted aggregations of the same IVs as we
used in the earlier within-product nest (i.e. tariffs). (I first “saw” this in
Costinot, Donaldson and Smith, 2016 but it is surely an old idea.)

If we believed in exogeneity of tariffs before, we probably still believe in
(aggregated versions of) that same exogenity now.

In this spirit, FGKK use:

∆ lnZMgt = ln

(
1

NC
gt

∑
i∈Cgt

exp (∆ ln(1+ τigt))

)

where NC
gt is the number of continuing varieties in g between t and t + 1

So now this is just another diff-in-diff IV regression but on product-level
aggregates

And then estimating κ proceeds analogously but with sector-level aggregates,
with price indices and IV built from estimates from η regression.
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Estimates of η from aggregated tariff changes
(NB: What they call sMgt is—for the purposes of this regression, given the included FEst—the
same as what I’m calling (Expenditure)Mgt .)28 THE QUARTERLY JOURNAL OF ECONOMICS

TABLE V
PRODUCT ELASTICITY η

�ln sMgt �ln pMgt �ln sMgt
(1) (2) (3)

�ln ZMgt − 0.81∗∗ 1.52∗∗∗
(0.39) (0.40)

�ln pMgt −0.53∗
(0.27)

Sector-time FE Yes Yes Yes
1st-stage F 14.6
η̂ (se[η̂]) 1.53 (0.27)
Bootstrap CI [1.15, 1.89]
R2 0.01 0.10 —
N 371,916 371,916 371,916

Notes. Table reports the product-level import responses to import tariffs. Column (1) reports the reduced-
form regression of the imported product’s share within sectoral imports, sgt, on the product-level instrument,
Zgt . Column (2) reports the first stage: the regression of the product-level import price index Pgt on Zgt.
Column (3) reports the IV regression with the implied η̂ and its standard error noted at the bottom of the
table in column (3). The product-level import price index is constructed using σ̂ from column (6) of Table IV
according to equation (11), and the instrument is constructed using the statutory tariffs using equation (12).
All regressions include sector-time fixed effects. 90% bootstrap confidence intervals are constructed from
1,000 samples. Regressions are clustered by HS-8. Significance: ∗ 0.10, ∗∗ 0.05, ∗∗∗ 0.01. Sample: monthly
product-level import data from 2017:1 to 2019:4.

estimate implies η̂ = 1.53 (std. err. = 0.27). The bootstrapped con-
fidence interval for η, which accounts for the variance of σ̂ and the
demand shocks from the lowest tier, is [1.15, 1.89].

The reduction in imports of targeted products implies that im-
ports from untargeted origins did not fully offset import declines
from targeted origins. Hence, rerouting of imports or reallocation
of producers to untargeted countries does not seem to be a first-
order force over the time horizon that we consider. We also find
that import tariffs did not lower before-tariff product-level prices.
We construct the before-duty product-level price index using (11)
but excluding duties. This before-duty product-level price index
includes a Feenstra variety correction, so it accounts for realloca-
tions towards new source countries. Regressing that index against
the tariff instrument �ln ZgMt with sector-time fixed effects yields
a positive coefficient of 0.91 (std. err. = 0.40).

We complement this product-level analysis with a reduced-
form approach that does not rely on the CES nesting struc-
ture. Online Appendix Table A.8 regresses the product-time fixed
effects from the variety-level regressions on the product-time
component of variety-level tariffs. Consistent with the previous
results, we find a decline in product-level imports of targeted

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article-abstract/135/1/1/5626442 by guest on 15 M

ay 2020

So η̂ =??
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Estimates of κ from doubly-aggregated tariff changes
(NB: What they call PMst is the sector-level Feenstra price index—analog of pMgt we saw above.)THE RETURN TO PROTECTIONISM 29

TABLE VI
SECTOR ELASTICITY κ

� ln( PMst Mst
PDst Dst

) � ln
(

PMst
pst

)
� ln( PMst Mst

PDst Dst
)

(1) (2) (3)

�ln ZMst 0.30 −1.59
(0.36) (3.49)

� ln
(

PMst
pst

)
−0.19

(0.49)

Sector FE Yes Yes Yes
Time FE Yes Yes Yes
1st-stage F 0.2
κ̂ (se[κ̂]) 1.19 (0.49)
Bootstrap CI [0.89, 1.71]
R2 0.24 0.67 —
N 2,041 2,041 2,041

Notes. Table reports the sector-level import responses to import tariffs. The sample is at the sector-time level
from 2017:1 to 2019:4. Column (1) reports the reduced-form regression of the imported sector’s share within
total sectoral expenditures imports, sgt, on the product-level instrument, Zgt. Column (2) reports the first
stage: the regression of the product-level import price index Pgt on Zgt. Column (3) reports the IV regression
with the implied η̂ and its standard error noted at the bottom of the table in column (3). The sector import price
index is constructed using σ̂ from Table IV, column (6), and η̂ from Table V, column (3), according to equation
(14), and the instrument is constructed using the statutory tariffs using equation (15). All regressions include
sector fixed effects. Regressions are clustered by sector. 90% bootstrap confidence intervals are constructed
from 1,000 samples. Significance: ∗ 0.10, ∗∗ 0.05, ∗∗∗ 0.01. Sample: monthly sector-level import data from
2017:1 to 2019:4.

products, suggesting that rerouting is not an important concern,
and no statistically significant decline in the before-duty import
price, suggesting complete pass-through at the product level.20

Using this elasticity and the average change in product-level
statutory import tariffs, these estimates imply that import val-
ues for targeted products within imported sectors fell, on av-
erage, 2.5% across targeted products. This number is the aver-
age change in import values for targeted products obtained from
� ln pMgtmgt = − (η̂ − 1) � ln ZgMt, where η̂ = 1.53 and � ln ZgMt =
4.7%.

IV.D. Sector-Level Imports

Table VI reports estimates of the sector elasticity (κ) following
the steps described in Section III.C.3. The regressions control for

20. Flaaen, Hortaçsu, and Tintelnot (2019) argue that in response to dis-
criminatory antidumping duties of 2012 and 2016, producers of washing ma-
chines reallocated products to untargeted countries with lower marginal costs. Our
estimate of the elasticity of substitution within products (σ̂ = 2.53) is far from per-
fect substitution. As we have argued, we also find a decline in the import share of
targeted products and no decline in the before-duty product-level import prices.

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article-abstract/135/1/1/5626442 by guest on 15 M
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So κ̂ =??
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FGKK (2020): Putting it together

How do we go from estimates of θ ≡(κ, η, σF , σ, ωF ) to estimates of

∑
n

ν(n)du(n) = t · dm−m · dpw ?

FGKK have isolated all elasticities (beyond those in the Cobb-Douglas and
perfect-transformation assumptions in the GE model) down to just these 5.

But the responses that matter (the vectors dm and dpw ) are still enormously
high-dimensional (hundreds of thousands of elements each)

And even in FGKK’s assumed model structure it is not the case that dm or
dpw take a simple or near-homogeneous structure—the structural elasticities
θ are low-dimensional, but the reduced-form responses dm and dpw are not.

But by populating the remaining unknown parameters (i.e. Cobb-Douglas
shares) in the GE model with observed data shares (eg from IO tables, labor
use table, trade data) in the 2018 baseline, completes the model. And then
solve the nonlinear system of equations to solve for dm or dpw and hence
dW .
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FGKK (2020): Estimates of EV ≡ 1
µduTHE RETURN TO PROTECTIONISM 43

TABLE VIII
AGGREGATE IMPACTS

EVM EVX �R EV
(1) (2) (3) (4)

2018 trade war
Change ($ b) −51.0 9.4 34.3 −7.2

[−54.8,−47.2] [4.1,15.6] [32.3,36.1] [−14.4,0.8]
Change (% GDP) −0.27 0.05 0.18 −0.04

[−0.29,−0.25] [0.02,0.08] [0.17,0.19] [−0.08,0.00]

2018 U.S. tariffs and no retaliation
Change ($ b) −50.9 16.6 34.8 0.5

[−52.9,−49.0] [13.2,20.3] [32.8,36.5] [−4.0,5.7]
Change (% GDP) −0.27 0.09 0.19 0.00

[−0.28,−0.26] [0.07,0.11] [0.18,0.20] [−0.02,0.03]

Notes. Table reports the aggregate impacts in column (4) and the decomposition into EVM, EVX, and
tariff revenue (�R) in columns (1)–(3). The top panel reports the effects from the 2018 trade war. The
bottom panel simulates a hypothetical scenario where trade partners do not retaliate against U.S. tar-
iffs. The first row in each panel reports the overall impacts of each term in billions of US$. The third
row scales by 2016 GDP. These numbers are computed using the model described in Section V with{
σ̂ = 2.53, η̂ = 1.53, κ̂ = 1.19, ω̂∗ = −0.00, σ̂∗ = 1.04

}
. Bootstrapped 90% confidence intervals based on 1,000

simulations of the estimated parameters are reported in brackets.

flows and price and revenue changes (Dixit and Norman 1980):

(27) EV = −m′�pM︸ ︷︷ ︸
EV M

+ x′�pX︸ ︷︷ ︸
EV X

+�R,

where m is a column vector with the imported quantities of each
variety before the war, x collects the quantities exported of each
product to each destination, �pM are changes in duty-inclusive
import prices, and �pX are changes in export prices.29 EVM is
the increase in the duty-inclusive cost of the prewar import bas-
ket, EVX is the increase in the value of the prewar export bas-
ket, and �R is the change in tariff revenue. The pre–tariff war
levels of imports and exports in equation (27) are directly ob-
served, while the estimated model gives the responses of im-
port and export prices to the simultaneous change in U.S. and
retaliatory tariffs.

The top panel of Table VIII shows each of the components
of EV in response to the 2018 U.S. and retaliatory tariff waves
of the trade war. The first row of each panel reports the mon-
etary equivalent on an annual basis at 2016 prices, and the

29. In our previous notation, m′�pM ≡ ∑
s∈S

∑
g∈Gs

∑
i∈I mig�pig and

x′�pX ≡ ∑
s∈S

∑
g∈Gs

∑
i∈I xig�pX

ig.
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 https://academ
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/qje/article-abstract/135/1/1/5626442 by guest on 15 M
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NB: FGKK use slightly different conventions from what I’ve used above. They
use:

EV X ≡ x · ∆pX = ∑s ∑g∈Gs ∑i∈F xig∆pXig

∆R ≡ ∆(pF (1+ τ) ·m) = ∑s ∑g∈Gs ∑i∈F ∆(pFig (1+ τig )mig )

EVM ≡ m · ∆p = ∑s ∑g∈Gs ∑i∈F mig∆pig
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Establishing Trust: Beyond Estimation?

Is there anything further that the modeler can do?

Testing!

Will talk now about recent work I’ve been doing with Rodrigo Adao and
Arnaud Costinot

A new test procedure...

Compare model and data responses of outcomes to exogenous variation
But weight outcomes by relevance to the question
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FAQs

1 Why test models? (All models are wrong!)
Yes but some are hopefully useful. Design test statistic around the use one has
in mind

2 What’s the use of a p-value? (A fancy measure of N?)
Design test statistic (and hence CI) with interpretability under some
misspecification

3 What’s wrong with an “untargeted moment” test?
Typically unclear how such moments relate to the causal question at hand

4 Isn’t it an old idea to compare causal responses in model and data?
Yes. E.g. “Lucas program” of Christiano et al (1999). New here: test with
end use in mind

5 Where do I get exogenous variation from?
If doing estimation, you already have it! (And can “re-use” it for testing.)

6 How can I test my model when it (by design) fits the data exactly?
Residuals may perfectly fit data. But can still test whether orthogonal to exog.
variation.
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4 Isn’t it an old idea to compare causal responses in model and data?
Yes. E.g. “Lucas program” of Christiano et al (1999). New here: test with
end use in mind

5 Where do I get exogenous variation from?
If doing estimation, you already have it! (And can “re-use” it for testing.)

6 How can I test my model when it (by design) fits the data exactly?
Residuals may perfectly fit data. But can still test whether orthogonal to exog.
variation.
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Setup

Consider reduced-form of researcher’s model:

yn,t = fn(τt , ϵt ; θ)

yn,t : endogenous outcome of interest n ∈ N
τt : vector of all “policy” (etc.) variables of interest

ϵt : vector of all time-varying parameters—“other shocks”

fn(·): mapping implied by market structure, preferences, technology, etc.;
suppress θ for now

Goal is to answer counterfactual question about causal impact of
policy change. WLOG write as:

W (∆x) ≡ ∑
n

ωn∆xn, with {ωn}n observed

where ∆xn ≡ fn(τt+1, ϵt+1)− fn(τt , ϵt+1)
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FGKK (2020): arrive at yt = f (τt , ϵt ; θ)

Time-varying shocks to preferences, technology, and endowments:

ϵt ≡ {βNT ,t , βs,t ,AMs,t , aDg ,t , aMg ,t , aig ,t ,ZNTr ,t ,Zsr ,t , αIs,t , αLs,t , αksr ,t , a
F
ig ,t , z

F
ig ,t ,Dt ,Lsr ,t}

Governments’ policy vector:

τt ≡ {τH
ig ,t , τF

ig ,t}

UMP + PMP + GMC + LMC + GBC =⇒ reduced-form yt = f (τt , ϵt ; θ)
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FGKK (2020): Causal Effect of Interest

Recall, researcher’s goal (where ∆xn ≡ fn(τt+1, ϵt+1)− fn(τt , ϵt+1)):

W (∆x) ≡ ∑
n

ωn∆xn, with {ωn}n observed

FGKK: What was impact of “Trump’s trade war” on US welfare?

Proportional change in welfare of US rep. agent due to tariff changes (up to
first-order):

W (∆x) = ∑
i ,g

[ωX
ig (∆xXig )− ωM

ig (∆xMig ) + ωT
ig (∆xTig )],

where:

∆xXig ≡ changes in the log of US export prices of good g in country i

(pre-foreign tariff)
∆xMig ≡ changes in the log of US import prices of good g from country i

(post-US tariff)
∆xTig ≡ changes in US tariff revenues on good g from country i (as share of

import spending)
ωX
ig ≡ share of export revenues in 2016 US GDP accounted by country i and

good g
ωM
ig = ωT

ig ≡ share of import spending in 2016 US GDP accounted by country
i and good g
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Potential Misspecification

Data generated by true model:

yn,t=f ∗n (τt ,ϵ
∗
t ), ∆x∗n ≡ f ∗n (τt+1, ϵ∗t+1)− f ∗n (τt , ϵ∗t+1)

True and researcher’s model agree on weights {ωn}n:

W (∆x) ≡ ∑
n

ωn∆xn vs. W (∆x∗) ≡ ∑
n

ωn∆x∗n

That is, agree on goal and how endogenous outcomes map into it:

Could follow from a “sufficient statistics”-like argument
If agree on size of economy’s distortions, then agree on the Taylor expansion
to W (·) in price and quantity changes (and can then define set of outcomes
N to include such changes)
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FGKK (2020): Agreeing on weights {ωn}n

Recall, FGKK (2020) use

W (∆x) = ∑
i ,g

[ωX
ig (∆xXig )− ωM

ig (∆xMig ) + ωT
ig (∆xTig )]

So true and researcher’s models agree that:

objective is US rep. agent welfare
welfare derives from standard goods (not, e.g., pollution or national security)
only distortion is tariff revenue
first-order approximation to W (∆x) or W (∆x∗) is sufficiently accurate

UEA Summer School (2024) Dave Donaldson (MIT) 42 / 65



An IV-Based Test Statistic

Want to test W (∆x) = W (∆x∗)—not f = f ∗!

Empirical challenge: don’t observe ∆x∗n (obviously)

But suppose we observe change in outcomes before and after the policy
change

∆yn = f ∗n (τt+1, ϵ∗t+1)− f ∗n (τt , ϵ∗t ) = ∆x∗n + ∆η∗
n

where ∆η∗
n ≡ f ∗n (τt , ϵ∗t+1)− f ∗n (τt , ϵ∗t ) denotes the causal impact of the

other shocks

Definition: IV-based test statistic
Suppose we have some ”instrument” z. Then IV-based test statistic is

β̂z ≡ 1

NW
∑

n∈NW

zn(∆yn − ∆xn)

where NW denotes the number of observations in NW ≡ {n : ωn ̸= 0}.
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An IV-Based Test: Moment Restriction

A3 [The causal impact of tariffs in the researcher’s model is correct]

For any n ∈ NW , ∆x∗n = ∆xn.

Proposition 1 [Expected value of the goodness of fit measure]

Take any IV z that satisfies Et [∑n∈NW
zn∆η∗

n ] = 0. If A3 holds, then Et [β̂z ] = 0.

Proof: Substitute Et [∑n∈NW
zn∆η∗

n ] = 0 into definition of β̂z and use
identity ∆yn = ∆x∗n + ∆η∗

n . Then A3 implies

Et [β̂z ] =
1

NW
Et [∑n∈NW

zn(∆x∗n − ∆xn)] = 0

NB: Given z that satisfies Et [∑n∈NW
zn∆η∗

n ] = 0, Et [β̂z ] is a weighted sum
of misspecifications, ∆x∗n − ∆xn, along all welfare-relevant variables
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Intuition behind IV-Based Test

Data : ∆y

of Tariff Changes : ∆x

Researcher′s Causal Impact
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Intuition behind IV-Based Test

Data : ∆y

of Tariff Changes : ∆x∗ = ∆x

True Causal Impact

True Causal Impact
of Other Shocks : ∆η

∗
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IV-Based Test (when does not reject)

Data : ∆y

of Tariff Changes : ∆x∗ = ∆x

True Causal Impact

True Causal Impact
of Other Shocks : ∆η

∗

Instrumental
V ariable : z

Projz(∆y) = Projz(∆x∗) = Projz(∆x)
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IV-Based Test (when does not reject)

Data : ∆y

of Policy Changes : ∆x∗
True Causal Impact

Causal Impact
of Other Shocks : ∆η

∗

Instrumental
V ariable : z

Projz(∆y) = Projz(∆x∗) �= Projz(∆x)

Researcher′s Causal Impact
of Policy Changes : ∆x �= ∆x∗

UEA Summer School (2024) Dave Donaldson (MIT) 50 / 65



FGKK (2020): Monte Carlo simulation
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From Exogenous Policy Shifters to a Candidate IV

So far, taken as given a z that satisfies Et [∑n∈NW
zn∆η∗

n ] = 0
Empirical literature offers vector of exogenous policy shifters
∆τIV ≡ {∆τIV ,k}k :

Could just be observed policy change (as in Fajgelbaum, Goldberg, Kennedy,

Khandelwal 20)

We confine attention to instruments z that satisfy:

A1 [Shift-share structure]

For any n ∈ NW , the instrumental variable takes the form zn = ∑k snk∆τIV ,k ,
where the vector of “shares” {snk} may be a function of, and only of, the
realization of period t’s tariffs and other shocks, (ϵ∗t , τt).

A2 [Independence of the shifters]

Conditional on the realization of period t’s tariffs and other shocks, policy shifters
are mean zero and independent of other shocks in period t + 1:
∆τIV ⊥⊥ ϵ∗t+1|(ϵ∗t , τt).

Trivial to show that if z satisfies A1 and A2 then Et [∑n∈NW
zn∆η∗

n ] = 0
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Asymptotic Null Distribution of Test Statistic

How to do inference? Haven’t yet taken any stand on distribution of shocks
ϵt+1 (and hence of the data ∆y under the null

Can apply “design-based” results on consistency (Borusyak et al., 2022) and
inference (Adao et al., 2019) of shift-share IV

Proposition 2 [Asymptotic behavior of test statistic]

Take IV z that satisfies A1 and A2. If A3 holds and (i) ∆τIV ,k are i.i.d., (ii)
1

N2
W

∑k (Sk )
2 → 0 with Sk ≡ ∑n |snk |, and (iii) Vart [∆τIV ,k ] and ∆η∗

n are

uniformly bounded, then β̂z →p 0.

If, in addition, (iv)
maxk (Sk,t )

∑k S
2
k,t

→ 0; (v) Et [(∆τIV ,k )
4] is uniformly bounded; and

(vi) 1
∑k S

2
k
Vart [∑n∈NW

zn∆η∗
n |ϵ∗t+1] →p Vβ > 0, then rβ β̂z →d N (0,Vβ) with

rβ ≡ NW /
√

∑k S
2
k .
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FGKK (2020): In Monte Carlo, coverage of test statistic
when no misspecification
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Extensions

Estimation uncertainty:
If f is known up to estimation of structural parameter θ, then can compute
asymptotic distribution of β̂z (θ̂) whenever

θ̂ is independent of β̂z (θ) (e.g. when estimation has been conducted on a
different sample)
θ̂ is an IV estimator, potentially based on the same policy shifters (as in our
application)

Clustering:

Weaken such that ∆τIV ,k is only i.i.d across groups of observations

Controls:

Weaken A2 such that indep. of ∆τIV holds only after controlling for linear
determinants of ∆η∗

Need to then residualize shares {snk} w.r.t. those controls
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Economic Interpretation of Test Statistic β̂z

Question: How should we interpret goodness of fit measure? Ideally, we
would like it to measure, at least on average, misspecification in the
counterfactual of interest, i.e.,

Et [W (∆x∗)−W (∆x)] = Et [∑
n

ωn(∆x∗n − ∆xn)]

Challenge:Et [β̂z ] =
1

NW
Et [∑nzn(∆x∗n − ∆xn)] ̸= Et [∑n ωn(∆x∗n − ∆xn)] for

arbitrary z

A3’ [Misspecification of causal impacts]

For any n ∈ NW , ∆x∗n = αn∆xn, with the misspecification parameter αn a
function of the realization of period t’s tariffs and other shocks, (ϵ∗t , ϵt , τt), but
not period t + 1’s tariffs, τt+1.

Proposition 3 [IV-based test stat and average welfare misspecification]
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z ′n ≡ znωnEt [∆xn]/Et [zn∆xn] for all n ∈ NW . If A3’ holds, then
Et [β̂z ′ ] = Et [W (∆x∗)−W (∆x)].
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FGKK (2020): Monte Carlo comparing IV-Based Tests
“Preferred IV” follows method in Proposition 3. “Naive IV” only uses tariff shifters on product of
interest.

(a) Rejection rate (b) Mean of β̂z
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Choosing IVs to Improve Statistical Power

Three potential reasons for low-power of arbitrary IV-based test:
1 Lack of first stage: Et [zn∆xn] = Et [zn∆yn] = 0 because z is noise

2 Mechanical fit: Estimation moments “mechanically” related to testing
moments

3 Precision: Too much variance in ∆yn − ∆xn ⇒ too much variance in β̂z

Three potential solutions:
1 To address lack of first stage, use causal impact of shifters predicted by

researcher’s model, i.e. snk = ∂fn/∂τk ⇒ zn = ∑k (∂fn/∂τk )∆τIV ,k

2 To address mechanical fit, use IV z such that estimation moments are less
informative about β̂z in the sense of Andrews et al. (2020)

3 To improve precision, project z on a vector of controls and use residuals
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FGKK (2020): Monte Carlo for Estimation,
Informativeness and Mechanical Fit
“Preferred IV” as before. “Naive IV” further residualized with respect to product-specific fixed
effects. σ estimated as in FGKK using product-specific fixed effects. Import quantities are
misspecified.
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Related Literature

Testing via model “forecasts”/backcasts—e.g.
correlation(data,model)=1

Lai and Trefler (2002), Costinot and Donaldson (2012), Kehoe et al. (2017), Desmet
et al. (2018)

β̂z ′ =
1

NW
∑nz

′
n(∆x∗n − ∆xn) is very different from corr(∆yn,∆xn) ∝ var(∆x∗n )

var(∆η∗
n )

Testing via “untargeted moments”
Edmond et al. (2011); Costinot et al. (2016); Antras et al. (2017)

Testing W (∆x∗) = W (∆x) not f = f ∗

Testing via “untargeted causal responses”
“Lucas (1980) Program”—Christiano et al. (1999, 2005), Todd and Wolpin (2006),
Nakamura and Steinsson (2014, 2018), Ahlfeldt et al. (2015), Adao et al. (2022)
Tests of conduct in IO/Labor: Bresnahan (1982), Berry-Haile (2014),
Rousille-Scuderi (2022)

β̂z ′ =
1

NW
∑nz

′
n(∆x∗n − ∆xn) is weighted avg. of responses that matter for

counterfactual
How to do inference (dependence, prior estimation)? How to avoid mechanical
success?
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Testing vs. Estimation

Even if agree that moment β̂z ′ =
1

NW
∑nz

′
n(∆x∗n − ∆xn) is “useful”, why

use it for testing rather than estimation?

E.g. could impose β̂z ′ = 0 as an additional moment in GMM for estimating θ

Would be efficient: minimize asymptotic Var(θ̂) under null of correctly
specified model
Could then also do J-test for purposes of testing A3

Two advantages to the testing-based approach developed here:

1 Economic interpretation:
J-test statistic is weighted sum of moment gaps
How then to assess errors in the model’s counterfactual prediction?

2 Power:
Moments used for θ are often relatively “partial equilibrium”, but counterfactual
is more “GE”
GMM: low-variance moments get more weight (for estimation and testing)
If GE moments are inherently noisier, this tilts power away from testing the
counterfactual
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FGKK (2020): Now on actual data from Trump’s Trade
War, 2016-2019

Everything exactly as in previous simulations, except...

1 Use actual US and foreign tariff changes:

τt ≡ {τH
ig ,t , τF

ig ,t}: avg. Jan-Dec, 2016
τt+1 ≡ {τH

ig ,t+1, τF
ig ,t+1}: avg. Jan-April, 2019

2 Use actual data on post-shock outcomes yt+1

UEA Summer School (2024) Dave Donaldson (MIT) 62 / 65



FGKK (2020): An IV-based test

Goodness of fit measure: Correlation IV-Based Test
Naive IV Preferred IV

Corr
(
∆yn,∆xn(θ̂)

)
β̂znaive (θ̂) β̂zpref (θ̂)

(1) (2) (3)
Point estimate 0.08 -0.01 -0.09

Inference ignoring estimation uncertainty
Std. error 0.18 0.15

p-value of H0: β̂ = 0 0.96 0.56

Inference accounting for estimation uncertainty
Std. error 0.24 0.18

p-value of H0: β̂ = 0 0.97 0.63

Under A3’ column (3) ⇒ Et [W (∆x∗)−W (∆x)] = –$16 B [CI: +/- $64 B].
(Recall that W (∆x) = –$7 B.)
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FGKK (2020): A Final Diagnosis

(a) Export Prices (0.16 (0.73)) (b) Import Prices (0.18 (0.07)) (c) Tariff Rev. (-0.16 (0.04))

Kehoe and Prescott (1995): “... shortcomings in [counterfactual] predictions
of a model would then provide motivation for further theoretical development
and further testing.”
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Summary: Questions for answering your own research
questions

What is the main question I am trying to answer?

What are the sufficient statistics—weighted averages of causal
responses—that answer my question?

Can I measure those statistics using quasi-experimental variation?

If not, how is the model I’ve written down (perhaps coupled with the
estimation of parameters in that model) filling in the “missing” suff stats?

How can I design a test that would tell me if these “missing” suff stats are
correctly estimated under reasonable forms of misspecification?

Does that test reject (and/or does test stat have a worryingly wide CI)?
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