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1 Proof of Proposition 1

Note that since τpost “ βpost ´ δpost, the linearity of the expectation operator implies that Erτpost | β̂s “

Erβpost | β̂s ´ Erδpost | β̂s. To derive the alternative form for Erδpost | β̂s in the proposition, we claim that
under the uninformative prior, πδpost|βpδpost | βq “ πδpost|δprepδpost | βpreq. This is because

πδ|βpδ | βq “
πβ,δpβ, δq

πβpβq

9πδ,τpostpδ, βpost ´ δpostq ¨ 1rδpre “ βpres

“πδpδq ¨ πτpost|δpβpost ´ δpost | δq ¨ 1rδpre “ βpres

9πδpost|δprepδpost | βpreq,

where we obtain the last line from the fact that πτ |δ91 under the uninformative prior and the definition of
the conditional density. It follows that

Eδpost|β̂rδpost | β̂s “ Eβ|β̂rEδpost|βrδpost | βs | β̂s “ Eβpre|β̂rEδpost|δprerδpost | βpres | β̂s

where the first equality uses iterated expectations and the fact that β̂ KK δ | β, and the second uses the fact
that πδpost|βpδpost | βq “ πδpost|δprepδpost | βpreq as derived above.
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2 Calculations for example with Gaussian prior

We now provide detailed calculations for the posterior for β when δ „ N pµδ, Vδq and we use the uninfor-
mative prior for τpost. Note that πτpost|δ 9 1 implies that

πβpβq “ πβpre
pβpreqπβpost|βpre

pβpostq

“ πδprepβpreq

ż

πδpost|δprepβpost ´ τpostqπτpostpτpostqdτpost

9πδprepβpreq

where in the second line we use the fact that τpost KK δ (since πτpost|δ 9 1) and in the last line we use the fact
that πτpostpτpostq 9 1 and

ş

πδpost|δprepβpost ´ τpostq “ 1 since densities integrate to 1. Thus, we have that

ppβ | β̂q “ ℓpβ̂ | βqπδprepβpreq

9 expp´
1

2
pβ ´ β̂q1Σ´1

β̂
pβ ´ β̂qq ¨ expp´

1

2
pβpre ´ µδpreq1V ´1

δpre
pβpre ´ µδpreqq

9 expp´
1

2
pβ1pΣ´1

β̂
` Ṽ ´1

δpre
qβ ´ 2β1pΣ´1

β̂
β̂ ` Ṽ ´1

δpre
µ̃δpreqq

where Ṽ ´1
δpre

“

˜

V ´1
δpre

0

0 0

¸

and µ̃δpre “

˜

µδpre

0

¸

. We thus see that the posterior for β is normal with

mean
Erβ | β̂s “ pΣ´1

β̂
` Ṽ ´1

δpre
q´1pΣ´1

β̂
β̂ ` Ṽ ´1

δpre
µ̃δpreq

and variance
V arrβ | β̂s “ pΣ´1

β̂
` Ṽ ´1

δpre
q´1

Corollary 4.1 in Lu and Shiou (2002) shows that for the symmetric block matrix M “

˜

A B

B1 D

¸

,

M´1 “

˜

pA ´ BD´1B1q´1 ´pA ´ BD´1B1q´1BD´1

´D´1B1pA ´ BD´1B1q´1 pD ´ B1A´1Bq´1

¸

(1)

and that
´D´1B1pA ´ BD´1B1q´1 “ ´pD ´ B1A´1Bq´1B1A´1 (2)

It follows that

Σ´1

β̂
` Ṽ ´1

δpre
“

¨

˝

pΣβ̂pre
´ Σβ̂pre,β̂post

Σ´1

β̂post
Σ1

β̂pre,β̂post
q´1 ` V ´1

δpre
¨

´pΣβ̂post
´ Σ1

β̂pre,β̂post
Σ´1

β̂pre
Σβ̂pre,β̂post

q´1Σ1

β̂pre,β̂post
Σ´1

β̂pre
pΣβ̂post

´ Σ1

β̂pre,β̂post
Σ´1

β̂pre
Σβ̂pre,β̂post

q´1

˛

‚

where the upper-right block is the transpose of the lower-left. Applying (1) again to the previous display,
but using the alternative formula D´1 `D´1B1pA´BD´1B1q´1BD´1 for the lower-right block given in Lu
and Shiou (2002), we obtain that
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´

Σ´1

β̂
` Ṽ ´1

δpre

¯´1

“

¨

˝

pΣ´1

β̂pre
` V ´1

δpre
q´1 ¨

Σ1

β̂pre,β̂post
Σ´1

β̂pre
pΣ´1

β̂pre
` V ´1

δpre
q´1 Σβ̂post|β̂pre

` Γ1
ΣpΣ´1

β̂pre
` V ´1

δpre
q´1ΓΣ

˛

‚

where Σβ̂post|β̂pre
“ Σβ̂post

´ Σ1

β̂pre,β̂post
Σ´1

β̂pre
Σβ̂pre,β̂post

is the conditional variance of β̂post | β̂pre, and ΓΣ “

Σ´1

β̂pre
Σβ̂pre,β̂post

are the coefficients in the best linear predictor of β̂post given β̂pre.
It follows that

´

Σ´1

β̂
` Ṽ ´1

δpre

¯´1

Ṽ ´1
δpre

“

¨

˝

pΣ´1

β̂pre
` V ´1

δpre
q´1V ´1

δpre
0

Σ1

β̂pre,β̂post
Σ´1

β̂pre
pΣ´1

β̂pre
` V ´1

δpre
q´1V ´1

δpre
0

˛

‚

and thus

´

Σ´1

β̂
` Ṽ ´1

δpre

¯´1

Σ´1

β̂
“ I ´

´

Σ´1

β̂
` Ṽ ´1

δpre

¯´1

Ṽδpre “

¨

˝

I ´ pΣ´1

β̂pre
` V ´1

δpre
q´1V ´1

δpre
0

´Σ1

β̂pre,β̂post
Σ´1

β̂pre
pΣ´1

β̂pre
` V ´1

δpre
q´1V ´1

δpre
I

˛

‚

It follows that

Erβpre | β̂s “ pΣ´1

β̂pre
` V ´1

δpre
q´1Σ´1

β̂pre
β̂pre ` pΣ´1

β̂pre
` V ´1

δpre
q´1V ´1

δpre
µδpre

Erβpost | β̂s “ β̂post ´ Σ1

β̂pre,β̂post
Σ´1

β̂pre
pΣ´1

β̂pre
` V ´1

δpre
q´1V ´1

δpre
pβ̂pre ´ µδpreq

“ β̂post ´ Γ1
Σpβ̂pre ´ Erβpre | β̂sq

We showed in the main text that

Erτpost | β̂s “ β˚
post ´ µδpost ´ Vδpost,δpreV

´1
δpre

pβ˚
pre ´ µδpreq,

where β˚ “ Erβ | β̂s is the posterior for β̂, which we derived above.
To get V arpτpost | β̂q, recall that τpost “ βpost ´ δpost. Using the law of total variance, we have that

V arpτpost | β̂q “ Eβ|β̂rV arpβpost ´ δpost | βqs ` V arβ|β̂pErβpost ´ δpost | βsq

Note, however, that1

V arpβpost ´ δpost | βq “ V arpδpost | βq “ V arpδpost | δpre “ βpreq “ Vδpost ´ V 1
δpre,δpostV

´1
δpre

Vδpre,δpost

and

V arβ|β̂pErδpost | βsq “ V arβ|β̂pβpost ´ pµδpost ` Γ1
V pβpre ´ µδpreqq

“ MpΣ´1

β̂
` Ṽ ´1

δpre
q´1M 1

where ΓV “ V ´1
δpre

Vδpre,δpost and M “ p´Γ1
V , Iq is the matrix such that Mβ “ βpost ´ Γ1

V βpre. Hence,

1In what follows, we use the fact that πδpost|βpδpost | βq 9πδpost|δpre pδpost | βpreq, which we derived in the proof to
Proposition 1.
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V arpτpost | β̂q “ Vδpost ´ V 1
δpre,δpostV

´1
δpre

Vδpre,δpost ` MpΣ´1

β̂
` Ṽ ´1

δpre
q´1M 1.

Further calculation shows that this can be simplified to

V arpτpost | β̂q “ Vδpost ` Σβ̂post
´ pΣβ̂pre,β̂post

` Vδpre,δpostq1pΣβ̂pre
` Vδpreq´1pΣβ̂pre,β̂post

` Vδpre,δpostq

“ Σ̃post ´ Σ̃1
pre,postΣ̃

´1
preΣ̃pre,post,

where Σ̃ :“ Σβ̂ ` Vδ with block matrix form

Σ̃ “

˜

Σ̃pre Σ̃pre,post

Σ̃1
pre,post Σ̃post

¸

.

3 Informative Gaussian prior for τpost

We now consider a modification of the Gaussian example in the main text in which there is a joint Gaussian
prior over pδ, τpostq. We begin with the following lemma.

Lemma 3.1. Suppose that
˜

α

β

¸

„ N

˜˜

µα

µβ

¸

,

˜

Vα Vαβ

Vβα Vβ

¸¸

and we observe β̂ | α, β „ N
´

β, Σβ̂

¯

. Then the posterior for pα, βq is jointly normal with means

Erβ | β̂s “ pV ´1
β ` Σ´1

β̂
q´1pΣ´1

β̂
β̂ ` V ´1

β µβq “: µ˚
β

and
Erα | β̂s “ µα ` VαβV

´1
β pµ˚

β ´ µβq “: µ˚
α

and variances
V arpβ | β̂q “ pV ´1

β ` Σ´1

β̂
q´1 “: Σ˚

β

and

V arpα | β̂q “ pVα ´ VαβV
´1
β Vβαq

looooooooooomooooooooooon

“V arpα|βq

`VαβV
´1
β Σ˚

βV
´1
β Vβα :“ Σ˚

α

Proof. Consider the reparametrized parameter α̃ “ α ´ VαβV
´1
β β. The prior for pα̃, βq is

˜

α̃

β

¸

„ N

˜˜

µα ´ VαβV
´1
β µβ

µβ

¸

,

˜

Vα ´ VαβV
´1
β Vβα 0

0 Vβ

¸¸

,

so the priors for α̃ and β are independent. By Bayes’ rule,

ppα̃, β | β̂q 9 ppβ̂ | α̃, βqppα̃, βq

“ ppβ̂ | βqppα̃, βq

“ ppβ̂ | βqppβqppα̃q
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where the first equality uses the fact that the likelihood doesn’t depend on α, and the second uses prior
independence. We thus see that the posteriors for β and α̃ are independent, and the posterior for α̃ is equal
to the prior. Standard results for the normal-normal model give that the posterior for β is normal with mean
µ˚
β “ pV ´1

β ` Σ´1

β̂
q´1pΣ´1

β̂
β̂ ` V ´1

β µβq and variance Σ˚
β “ pV ´1

β ` Σ´1

β̂
q´1. Since the linear combination of

independent normals is normal, we then see that the posterior for α “ α̃ ` VαβV
´1
β is normal with mean

pµα ´ VαβV
´1
β µβq ` VαβV

´1
β µ˚

β and variance pVα ´ VαβV
´1
β Vβαq ` VαβV

´1
β Σ˚

βV
´1
β Vβα, which completes the

proof.

Now suppose that the prior over pδ, τpostq is joint Gaussian with independence between δ and τpost,

¨

˚

˝

δpre

δpost

τpost

˛

‹

‚

„ N

¨

˚

˝

¨

˚

˝

µδpre

µδpost

µτpost

˛

‹

‚

,

¨

˚

˝

Vδpre Vδpre,δpost 0

Vδpost,δpre Vδpost 0

0 0 Vτpost

˛

‹

‚

˛

‹

‚

.

This implies that

¨

˚

˝

βpre

βpost

τpost

˛

‹

‚

„ N

¨

˚

˝

¨

˚

˝

µδpre

µδpost ` µτpost

µτpost

˛

‹

‚

,

¨

˚

˝

Vδpre Vδpre,δpost 0

Vδpost,δpre Vδpost ` Vτpost Vτpost

0 Vτpost Vτpost

˛

‹

‚

˛

‹

‚

Given β̂ | β, τ „ N
´

β, Σβ̂

¯

, the posterior for τpost | β̂ then follows directly from the formulas given in
Lemma 3.1, setting α “ τpost.

4 Calibration of prior in BZ application

We now describe the calibration of the prior in our application to Benzarti and Carloni (2019). Suppose,
as in Benzarti and Carloni (2019), that units with Di “ 1 come from a single industry (restaurants) while
units with Di “ 0 come from many other industries. Suppose that

ErYitp0q | Di “ 0s “ µt

and that
ErYitp0q | Di “ 1s “ µt ` αt,

where µt represents aggregate shocks to the outcome common to all units and αt is the idiosyncratic shock
to the treated industry. Suppose that the industry-specific shock follows an ARp1q,

αt “ ραt´1 ` ut

where the ut are iid with mean 0 and variance σ2.
McGahan and Porter (1999) estimate an ARp1q for the industry-component of firm profits (measured as

a fraction of firm assets2) and obtain an estimate of ρ of 0.766. They estimate that SDpαtq is 0.063 (6.3
2Note this differs slightly from Benzarti and Carloni (2019), who use log profits as an outcome. Let Et and At respectively

correspond to net earnings and assets in period t. Note that if Et{At « 1 and At « At´1, so that assets are stable over time,
then

logpEtq ´ logpEt´1q « logpEt{Atq ´ logpEt´1{At´1q «
Et

At
´

Et´1

At´1
,

where we use the fact that logpxq « x ´ 1 for x « 1, so that innovations in log profits are similar to innovations in percentage
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percentage points), which using the formula V arpαtq “ σ2{p1´ρ2q implies a value of σ of
a

p1 ´ ρ2q0.063 “
?
1 ´ 0.76620.063 “ 0.04.

Note that the violation of parallel trends between period 0 and period t is given by δt “ αt ´ α0. Under
the ARp1q process described above, δt is mean-zero. To derive its variance-covariance matrix, recall that for
an ARp1q process, the covariance is Covpαt, αt´kq “

ρ|k|

1´ρ2σ
2. Hence, we have that

Covpδt, δt1 q “ Covpαt ´ α0, αt1 ´ α0q

“
ρ|t´t1

| ´ ρ|t| ´ ρ|t1
| ` 1

1 ´ ρ2
σ2

We calibrate the prior covariance on δ, Vδ, using the expression in the previous display and the calibrated
values of ρ and σ2.
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