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From last time: finishing IV

Z; is a valid instrument when the following are satisfied:

@ First stage: Cov(Z;,D;) #0
@® Exclusion restriction: Cov(Zj,e;) =0

When we have these two conditions, we can...:

e Estimate causal effects

e ...but only for compliers!
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Further down the SOU rabbit hole

So far, we've focused on data across units. Now we’'ll add time:

e Cross-sectional data:

e What we've been using

e Observations across units at a single point in time
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Further down the SOU rabbit hole

So far, we've focused on data across units. Now we’'ll add time:

e Cross-sectional data:

e What we've been using

e Observations across units at a single point in time

e Time series data:

o Observations on a single unit over time

e Repeated cross-section data:

o Repeated sampling of different units over time

e Panel data:

e Multiple observations of the same unit over time
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Why is data over time useful?

We've spilled a lot of ink on the selection problem:

e To isolate the effect of D;, we need potential outcomes to be the
same among treated and untreated units
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Why is data over time useful?

We've spilled a lot of ink on the selection problem:

e To isolate the effect of D;, we need potential outcomes to be the
same among treated and untreated units

e With cross-sectional data, this is fundamentally tricky:
e People, firms, households, etc are different from one another in lots of
ways
o Getting a clean comparison means separating 7 from all of these
differences
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Why is data over time useful?

We've spilled a lot of ink on the selection problem:

e To isolate the effect of D;, we need potential outcomes to be the
same among treated and untreated units

e With cross-sectional data, this is fundamentally tricky:

e People, firms, households, etc are different from one another in lots of
ways

o Getting a clean comparison means separating 7 from all of these
differences

e Enter time series data:

e Fundamental insight:
Rather than comparing i/ to j, compare i in ttoiint—1

e In this formulation, i serves as a control for itself

e i am much more similar to myself yesterday than / am to j
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Making time-series comparisons

Consider a setting with only one unit:

e We now denote our outcome as Y;(D;) (no subscript: only one unit)
e As usual, we want to estimate 7A7E = E[Y{(D; = 1) — Y¢(D; = 0)]
e But we can't observe both Y;—1(D¢=1 = 1) and Y;=1(D:=1 = 0)

— Remember that fundamental problem of causal inference?
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Making time-series comparisons

Consider a setting with only one unit:

e We now denote our outcome as Y;(D;) (no subscript: only one unit)
As usual, we want to estimate 7ATE = E[Y(D; = 1) — Y:(D; = 0)]
But we can't observe both Y;—1(Di=1 = 1) and Y;=1(D;=1 = 0)

— Remember that fundamental problem of causal inference?

Instead, we look for periods before and after treatment begins

Suppose in t =0, D;—g=0,andint=1, D,y =1

Then we can estimate:

~TS
T = Yi=1 — Yi=o

PPHA 34600 Program Evaluation Lecture 11 4/33



Making time-series comparisons

Consider a setting with only one unit:

e We now denote our outcome as Y;(D;) (no subscript: only one unit)
As usual, we want to estimate 7ATE = E[Y(D; = 1) — Y:(D; = 0)]
But we can't observe both Y;—1(Di=1 = 1) and Y;=1(D;=1 = 0)

— Remember that fundamental problem of causal inference?

Instead, we look for periods before and after treatment begins

Suppose in t =0, D;—g=0,andint=1, D,y =1

Then we can estimate:

~TS
T = Yi=1 — Yi=o

We can also extend this to many periods:

TS _ v -
T = YtEpost - YtEpre
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Time series, visually
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Time series, visually
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What's good about the time series?

This time series approach compares unit / to itself over time:

e Consider a simple data-generating process:
Yie = BiXi

e In this model, we have time-invariant characteristics (X;)
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This time series approach compares unit / to itself over time:

e Consider a simple data-generating process:
Yie = BiXi

e In this model, we have time-invariant characteristics (X;)

e Now add treatment:
Yie = 7Dt + BX;

where Dy =0int=0and Dy =1int=1
e We want to separate treatment from the other characteristics
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What's good about the time series?

This time series approach compares unit / to itself over time:

e Consider a simple data-generating process:
Yie = BiXi

In this model, we have time-invariant characteristics (Xj)

Now add treatment:

Yie = 7Dt + BX;

where Dy =0int=0and Dy =1int=1
We want to separate treatment from the other characteristics

Enter the difference estimator:
Yit=1— Yit=0 = 7(Dit=1 — Dj t=0) + B(Xi — X;)
= 7(Dj t=1 — Di t=0)
=7(1-0)

=T
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We can pull the same trick with unobservables

e Consider a simple data-generating process:

Yie = BXi + Ui

e In this model, we have time-invariant observable characteristics (X;)

e We also have time-invariant unobserved characteristics (U;)
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We can pull the same trick with unobservables

Consider a simple data-generating process:
Yie = BXi + Ui

In this model, we have time-invariant observable characteristics (X;)

We also have time-invariant unobserved characteristics (U;)
Now add treatment:

Yit = 7Dt + BX; +yU;

where Dy =0int=0and Dy =1int=1
We want to separate treatment from the other characteristics

PPHA 34600 Program Evaluation Lecture 11 7/33



We can pull the same trick with unobservables

e Consider a simple data-generating process:

Yie = BXi + Ui

e In this model, we have time-invariant observable characteristics (X;)

e We also have time-invariant unobserved characteristics (U;)
e Now add treatment:

Yit = 7Dt + BX; +yU;

where Dy =0int=0and Dy =1int=1
e We want to separate treatment from the other characteristics

e Enter the difference estimator:
Yit=1 — Yit=0 = 7(Dit=1 — Dit=0) + B(Xi — Xi) + v(Ui — U;)
= 7(Dj t=1 — Dj +—0)

=T
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Time series: identifying assumptions

In order for
~TS
T = Yi,t:l - Yi,t:O

to recover the true 7, we need an important assumption.
Consider the DGP:

Yie = mDje + BX; + Ui + 0 Vi

where Vj; is a set of observed and unobserved time-varying characteristics
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Time series: identifying assumptions
In order for
#T° = Yio1 — Yie—o

to recover the true 7, we need an important assumption.
Consider the DGP:

Yie = mDje + BX; + Ui + 0 Vi

where Vj; is a set of observed and unobserved time-varying characteristics

In this case,
15 = Yie1 — Yiemo = 7+ 6( Vi1 — Vimo)

In order for 77° to equal 7, we need § = 0 or Vii=1 = Vji=o(= Vi)
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Time series: identifying assumptions
In order for
#T° = Yio1 — Yie—o

to recover the true 7, we need an important assumption.
Consider the DGP:

Yie = mDje + BX; + Ui + 0 Vi
where Vj; is a set of observed and unobserved time-varying characteristics
In this case,

7’>TS - \/i7t:1 - \/izt:O =T + 5( \/i’t:1 N \/’.7t:0)

In order for 77° to equal 7, we need § = 0 or Vii=1 = Vji=o(= Vi)

— Any time-varying variables will create bias in 77°

— Also true for observables: we can't separate D;; from coincident Vj;
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Time series: identifying assumptions

Another way to think about this assumption:

e Y; would be unchanged in the absence of treatment

e To see this, we can write:

7715 = Yit=1(Dit = 1) — Vi t=o(Dit = 0)
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Time series: identifying assumptions

Another way to think about this assumption:

e Y; would be unchanged in the absence of treatment

e To see this, we can write:

7715 = Yit=1(Dit = 1) — Vi t=o(Dit = 0)

= (Yie=1(1) = Yit=0(0)) + (Vi,e=1(0) = Yi,=1(0))
= (Yie=1(1) = Yit=1(0)) + (Vie=1(0) — Yit=0(0))

~ E[Yit=1(1) — Yi=1(0)|D; = 1] + E[Y +=1(0) — Yi +=0(0)|D; = 1]
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Time series: identifying assumptions

Another way to think about this assumption:

e Y; would be unchanged in the absence of treatment

e To see this, we can write:

7715 = Yit=1(Dit = 1) — Vi t=o(Dit = 0)

= (Yi,e=1(1) — Yi,t=0(0)) + (Vi,t=1(0) — Y ,e=1(0))
= (Yi,t=1(1) — Y,t=1(0)) + (Vi,t=1(0) — Yi,e=0(0))
~ E[Yiic1(1) = Yiee1(0)[D; = 1] + E[Yi1=1(0) — Yi.e—0(0)|D; = 1]

= 7 + counterfactual trend

We have to assume that the counterfactual trend is zero

PPHA 34600 Program Evaluation Lecture 11 9/33



|dentifying assumptions, visually
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|dentifying assumptions, visually
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Validating the identifying assumption

We can never prove the identifying assumption:

e To do this, we would need to observe the counterfactual

e We can't do this — no test (&)
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Validating the identifying assumption

We can never prove the identifying assumption:

e To do this, we would need to observe the counterfactual
e We can't do this — no test (&)
e You could try to look at pre-treatment trends...

e ...but this is likely unsatsifying
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Validating the identifying assumption

We can never prove the identifying assumption:

e To do this, we would need to observe the counterfactual
e We can't do this — no test (&)

e You could try to look at pre-treatment trends...

e ...but this is likely unsatsifying

Why does this matter?

e If the assumption is not satisfied, we will confound the trend with 7

e We cannot eliminate the trend with one time series
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Two wrongs make a right?

Using panel data, we can combine two bad estimators into a good one:

e Our naive (cross-sectional) estimator:
e Compare i to j (static)
o Suffers from selection bias (i and j are systematically different)
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e The time-series estimator:

e Compare i to itself over time
e Suffers from time-varying unobservables
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Two wrongs make a right?

Using panel data, we can combine two bad estimators into a good one:

e Our naive (cross-sectional) estimator:

e Compare i to j (static)

o Suffers from selection bias (i and j are systematically different)
e The time-series estimator:

e Compare i to itself over time
e Suffers from time-varying unobservables

o AKA non-zero trends
e We can combine these into the difference-in-differences estimator:

e Uses across-unit, within time, comparisons

e And within-unit, across time, comparisons
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Differences-in-differences (DD)

The problem with time series is the counterfactual trend:

e How would treated / have behaved in t = 1 without treatment?

e This is the missing counterfactual

e Using other individuals j, we can make a guess
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The problem with time series is the counterfactual trend:

e How would treated / have behaved in t = 1 without treatment?

e This is the missing counterfactual
e Using other individuals j, we can make a guess

The differences-in-differences estimator:

ADD _ ~TS ATS
T =Tp=1 " TD;=0
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Differences-in-differences (DD)

The problem with time series is the counterfactual trend:

e How would treated / have behaved in t = 1 without treatment?
e This is the missing counterfactual
e Using other individuals j, we can make a guess

The differences-in-differences estimator:

~DD _ ATS ~TS
T = Tp,=1 — TD;=0

= (Yi.t=1(Dit = 1) = Yj t=0(Djr = 0)) — (Y} t=1(Djr = 0)—Yj t=0(Dj: = 0))
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Differences-in-differences (DD)

The problem with time series is the counterfactual trend:

e How would treated / have behaved in t = 1 without treatment?
e This is the missing counterfactual
e Using other individuals j, we can make a guess

The differences-in-differences estimator:

~DD _ ATS ~TS
T = Tp,=1 — TD;=0

= (Yi.t=1(Dit = 1) = Yj t=0(Djr = 0)) — (Y} t=1(Djr = 0)—Yj t=0(Dj: = 0))

= (Y(Dj =1, post)—Y(D; = 1,pre))—(Y(D; = 0, post)— Y (D; = 0, pre))
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Differences-in-differences (DD)

The problem with time series is the counterfactual trend:

e How would treated / have behaved in t = 1 without treatment?
e This is the missing counterfactual
e Using other individuals j, we can make a guess

The differences-in-differences estimator:

ADD _ ~TS ATS
T =Tp=1 " TD;=0

= (Yi.t=1(Dit = 1) = Yj t=0(Djr = 0)) — (Y} t=1(Djr = 0)—Yj t=0(Dj: = 0))

= (Y(Dj =1, post)—Y(D; = 1,pre))—(Y(D; = 0, post)— Y (D; = 0, pre))

This compares treated to untreated units over time
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DD compares i to itself over time to j to itself over time

Consider a simple data-generating process:
Yie = BXi + 05

e We have time-invariant characteristics (X;) and time-varying S;
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DD compares i to itself over time to j to itself over time

Consider a simple data-generating process:
Yie = BXi + 05

e We have time-invariant characteristics (X;) and time-varying S;

e Now add treatment (only for unit 7):
Yie = 7Djt + BXi + 95;
Yit = BXj +d5:
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DD compares i to itself over time to j to itself over time

Consider a simple data-generating process:
Yie = BXi + 05

e We have time-invariant characteristics (X;) and time-varying S;

e Now add treatment (only for unit 7):
Yie = 7Djt + BXi + 95;
Yit = BXj +d5:

e Enter the DD estimator:
Yit=1 — Yit=0 = 7(Dit=1 — Di=0) + B(X; — Xi) + 6(St=1 — St=0)
Yit=1 — Yjt=0 = B(Xj — Xj) + 0(St=1 — St=0)
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DD compares i to itself over time to j to itself over time

Consider a simple data-generating process:
Yie = BXi + 05

e We have time-invariant characteristics (X;) and time-varying S;

e Now add treatment (only for unit 7):
Yie = 7Djt + BXi + 95;
Yit = BXj +d5:

e Enter the DD estimator:
Yit=1 — Yit=0 = 7(Dit=1 — Di=0) + B(X; — Xi) + 6(St=1 — St=0)
Yit=1 — Yjt=0 = B(Xj — Xj) + 0(St=1 — St=0)

~DD
777 = (Yit=1 — Yit=0) — (Yjt=1 — Yj,t=0)
=7(Djt=1 — Dit=0) =T
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DD, visually

54 MT‘% 2 R

A AL
W %d\cj \ &X[‘WWV
=4 R ? ?‘ P4 et P9
RRR \dlq "q 9qgo,‘ﬁ ??"w“ o °RI Iy ol) oo
o o ‘d o m b\
3_;‘61\6 IX ‘\)”;? b"éb‘ikl ¥ ‘g' &obp\i%g ‘ddgggxgb 6
o;i M XQR Jh??\mm ML
LJ\/XW IR
2_ o o
0 20 40 60 80 %

Time

PPHA 34600 Program Evaluation Lecture 11 15 / 33



In other notation...

The identifying assumption of the DD is “parallel trends"”:

#PP = (Vi =1(Die = 1) = Yie=o(Die = 0)) — (Yj,e=1(Dje = 0) — Yje=o(Dje = 0))
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The identifying assumption of the DD is “parallel trends"”:

#PP = (Vi =1(Die = 1) = Yie=o(Die = 0)) — (Yj,e=1(Dje = 0) — Yje=o(Dje = 0))

= (Yi,e=1(1) = Yie=0(0)) = (¥],e=1(0) — ¥},e=0(0))
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In other notation...

The identifying assumption of the DD is “parallel trends"”:

#PP = (Vi =1(Die = 1) = Yie=o(Die = 0)) — (Yj,e=1(Dje = 0) — Yje=o(Dje = 0))

= (Yi,e=1(1) = Yie=0(0)) = (¥],e=1(0) — ¥},e=0(0))

+(Yi=1(0) — Y; =1(0))
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In other notation...

The identifying assumption of the DD is “parallel trends"”:

#PP = (Vi =1(Die = 1) = Yie=o(Die = 0)) — (Yj,e=1(Dje = 0) — Yje=o(Dje = 0))

= (Yi,e=1(1) = Yie=0(0)) = (¥],e=1(0) — ¥},e=0(0))

+(Yi=1(0) — Y; =1(0))

= (Yie=1(1) = ¥i,e=1(0)) + [(Y5,t=1(0) = ¥5.e=0(0)) — (¥}.e=1(0) — Yj,e=0(0))]
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In other notation...

The identifying assumption of the DD is “parallel trends"”:

208 = (V] e=1(Dir = 1) = Y; e=0(Dit = 0)) — (Vj,e=1(Dje = 0) — Yj.e=0(Dje = 0))
= (Yi,t=1(1) = Yi,t=0(0)) — (Y],e=1(0) — Y¥},t=0(0))
+(Vi,e=1(0) — Y;,t=1(0))
= (Yie=1(1) = Yi.e=1(0)) + [(Yi,e=1(0) — Yi,t=0(0)) — (¥}.e=1(0) — Y;,+=0(0))]

~ E[Y;=1(1) — Yi+=1(0)|D; = 1] + E[Y; +=1(0) — Yi +—1(0)| D; = 1]
—E[Y},t=1(0) — Y} t=0(0)| D; = 0]
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In other notation...

The identifying assumption of the DD is “parallel trends"”:

208 = (V] e=1(Dir = 1) = Y; e=0(Dit = 0)) — (Vj,e=1(Dje = 0) — Yj.e=0(Dje = 0))

= (Yi,e=1(1) = Yie=0(0)) = (¥],e=1(0) — ¥},e=0(0))

+(Yi=1(0) — Y; =1(0))

= (Yie=1(1) = ¥i,e=1(0)) + [(Y5,t=1(0) = ¥5.e=0(0)) — (¥}.e=1(0) — Yj,e=0(0))]

~ E[Y;=1(1) = Y t=1(0)|D; = 1] + E[Yi,+=1(0) — Yi,r—1(0)[ D; = 1]
—E[Y},:=1(0) — Y} t=0(0)| D; = 0]

= 7T + counterfactual trend — untreated trend

Identifying assumption: untreated trend = counterfactual trend
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|dentifying assumptions, visually
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|dentifying assumptions, visually
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|dentifying assumptions, visually
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|dentifying assumptions, visually
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Implementing DD via regression

The simplest implementation of DD is just:

7DD — (Y (treat, post)—Y (treat, pre))—(Y (untreat, post)— Y (untreat, pre))
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Implementing DD via regression

The simplest implementation of DD is just:
7DD — (Y (treat, post)—Y (treat, pre))—(Y (untreat, post)— Y (untreat, pre))
We can implement this via the following regression:

Y; = a+ 7 Treat x Postj + (8 Treat; + d Post; + €
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Implementing DD via regression

The simplest implementation of DD is just:
7DD — (Y (treat, post)—Y (treat, pre))—(Y (untreat, post)— Y (untreat, pre))

We can implement this via the following regression:

Y; = a+ 7 Treat x Postj + (8 Treat; + d Post; + €

To link these together, see:

Y (treat, post) = & + 7 + B+6

Y (treat, pre) = & + &

— Y (treat, post) — Y (treat, pre) = 6 + 7
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Implementing DD via regression

The simplest implementation of DD is just:
7DD — (Y (treat, post)—Y (treat, pre))—(Y (untreat, post)— Y (untreat, pre))

We can implement this via the following regression:

Y; = a+ 7 Treat x Postj + (8 Treat; + d Post; + €

To link these together, see:

Y (treat, post) = &+ 7+ + 6

Y (treat, pre) = & + &

— Y (treat, post) — Y (treat, pre) = 6 + 7
and

Y (untreat, post) = & + &

Y (untreat, pre) = &
— Y (untreat, post) — Y (untreat, pre) = ¢
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Implementing DD via regression

The simplest implementation of DD is just:
7DD — (Y (treat, post)—Y (treat, pre))—(Y (untreat, post)— Y (untreat, pre))

We can implement this via the following regression:

Y; = a+ 7 Treat x Postj + (8 Treat; + d Post; + €

To link these together, see:

Y (treat, post) = &+ 7+ + 6

Y (treat, pre) = & + &

— Y (treat, post) — Y (treat, pre) = 6 + 7
and

Y (untreat, post) = & + &

Y (untreat, pre) = &
— Y (untreat, post) — Y (untreat, pre) = ¢

Running this regression yields 7 = #0P
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A handy table

We can implement DD via the following regression:

Y; = a+ 7 Treat x Postj; + [ Treat; + 6 Post; + ¢z
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A handy table

We can implement DD via the following regression:
Y; = a+ 7 Treat x Postj; + [ Treat; + 6 Post; + ¢z

This gives us:

Pre Post | Difference
Treated a+08+d+7 a+p o+
Untreated a+0 Q 0
Difference B+ B T
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Adding covariates

We can add covariates:

Y; = a+ 7 Treat x Post;; + [ Treat; + 0 Post; + v Xt + €z
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Adding covariates

We can add covariates:

Y; = a+ 7 Treat x Post;; + [ Treat; + 0 Post; + v Xt + €z

We do this to:

@ Add precision: like the RCT, we can soak up variation
® Control for important observables
e This mixes DD with SOO
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An example: Mobile phones and markets

Policy issue:
e Imperfect information can complicate markets

e Can cell phones help?

Approach:

Mobile phone service came to Kerala between 1997 and 2001

We want to know the effect of phones on welfare

Nobody ran an RCT to roll phones out...

...but phones got to different locations at different times
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Motivating evidence

PricEs AND ExcEss SUPPLY AND DEMAND IN FIFTEEN SARDINE BEACH MARKETS

Price Excess Excess
(Rs/kg) buyers sellers
Kasaragod District
Hosabethe 6.2 0 0
Aarikkadi 4.0 0 0
Kasaba 0.0 0 4
Kanhangad 7.2 0 0
Thaikadappuram 9.7 11 0
Kannur District
Puthiangadi 8.7 2 0
Neerkkadavu 6.9 0 0
Ayikkara 8.4 1 0
Thalassery 4.3 0 0
New Mahe 6.2 0 0
Kozhikode District
Chombala 9.9 15 0
Badagara 0.0 0 11
Quilandi 9.8 12 0
Puthiyangadi 0.0 0 6
Chaliyam 6.4 0 0
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The natural experiment

REGION III
(Kasaragod)

July 6,1998

REGION II
(Kannur)

REGION I
(Kozhikode)
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The natural experiment
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Estimating the effects of mobile phones on welfare

The authors will run a (simplified) version of:

7 = (Y(treat, post) — Y (treat, pre)) — (Y (untreat, post) — Y (untreat, pre))

Where:
Y is the average of the outcome

e (He'll actually do this for regions I, Il, and Il separately)
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Period 0

(pre-phone)
Percent of fishermen who fish
in local catchment zone
Region 1 0.98
(0.003)
Region 11 0.99
(0.002)
Region TIT 0.98
(0.002)
Percent of fishermen who sell
in local catchment zone
Region I 1.00
(0.00)
Region 11 1.00
(0.00)
Region 11T 1.00
(0.00)
Number of fishing units
Region 1 83
Region 11 69
Region III 53
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Balance

Period 0
(pre-phone)
Max-min spread
(Rs/kg)
Region I 7.60
(0.50)
Region IT 8.19
(0.44)
Region IIT 8.24
(0.47)
Coefficient of
variation
(percent)
Region I .68
0.07)
Region II .62
(0.04)
Region IIT .69
(0.09)
Waste (percent)
Region 1 0.08
(0.01)
Region II 0.05
(0.01)
Region III 0.07
0.01)
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Supporting evidence: Prices
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Results

LAYV
EsTIMATED EFFECTS OF MOBILE PHONES ON MARKET QOUTEOMES:
SEPARATE TREATMENTS

Max-min Coefficient of
spread variation Waste
Estimated effects of adding phones to region I
(a) Using region II as the control group —4.8 —.46 —0.064
¥~ Ym) = Yya ~ Yo = Brre (0.68) 0.0m (0.005)
~ Brr
(b) Uslng regmn 111 as the control group —4.8 —.42 —0.060
Yy = Y50 = Yy — Yino) = Briry (0.68) (0.07) (0.005)
Estimated effects of adding phones to region II
(c) Using region I as the control group —-5.8 -.39 —0.039
Yo — Y1) — (Ypo — Yr1) = Briu_pe (0.43) (0.05) (0.003)
~ Brii_p1 = Bripz T Bri_p1
(d) Using region III as the control group -4.9 -.36 —0.038
Frre = Yu) = Yrre = Yur) = Bri_pe (0.43) (0.05) (0.003)
= Bru_r1
Estimated effects of adding phones to region III
(e) Using region I as the control group —-4.9 —.38 —0.055
Yrrs = Yirs) — (Yr3 — Yis) = Bripe (0.48) (0.05) (0.004)
- BRLPB
(f) Using region II as the control group —4.7 —.35 —0.054
Yrrs — Yore) — Yors — Yis) = Bripe (0.48) (0.05) (0.004)
= Bri_ps
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Results

VIOLATIONS OF THE LAW OF ONE PRICE

Period 1 Period 2 Period 3
Period 0 (region I (region I  (region III
(pre-phone) has phones) has phones) has phones)

Overall
Region I 0.54 0.03 0.04 0.03
Region II 0.57 0.55 0.06 0.05
Region 111 0.60 0.58 0.58 0.08
With time + depreciation
Region I 0.50 0.01 0.02 0.02
Region 11 0.53 0.52 0.03 0.03
Region III 0.57 0.55 0.54 0.05

All markets combined
Without time +

depreciation 047 0.35 0.20 0.05
With time +
depreciation 0.44 0.31 0.16 0.03
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Results

EFFECTS OF MOBILE PHONES ON PRODUCERS AND CONSUMERS: POOLED TREATMENTS

@ (2) 3) (4) (5) 6) (7 (8) 9) (10)
Quantity Price Price Revenue  Costs  Profits  Profit Profit Consumer  Consumer
sold (if >0) users  nonuser price surplus
Phone 23 -.05 —.44 205 72 133 184 97 -.39 14
8.4) (0.03) (0.03) (62) (5.6) (60) (90) 47 (0.22) 0.04)
Region I 36 .25 -.19 370 3.7 367 458 306 .51 -11
6.6 0.03) (0.03) (56) (4.9) (54) M (44) (30) (0.03)
Region IT 22 .03 -.07 173 3.3 170 204 130 .38 -.03
(5.2) 0.02) (0.02) (42) 3.0) (40) (57) (35) 0.27) (0.02)
Period 1 -5.3 48 .36 66 7.6 58 63 61 22 —-.16
(10) (0.03) (0.03) (59) (4.2) (58) (94) (43) (0.05) (0.04)
Period 2 -17 .64 51 34 2.3 32 -6.3 62 .65 -.30
(14) (0.04) (0.03) (80) 3.7 (80)  (122) (57) 0.27) (0.05)
Period 3 -7.8 1.0 .84 215 16 200 212 189 .81 —.48
(16) (0.05) (0.04) (99) (6.0) 97 (145) (74) (0.35) (0.05)
Observations 74,700 74,700 73,335 74,700 74,700 74,700 41,012 33,688 3,735 3,735
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Recap

TL;DR:

@ We can leverage time series data for identification
® This is more powerful when combined with cross-section

© The resulting diff-in-diff is one of the better quasi-experiments
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For next class

Topics:

e Panel data Il

Reading: Hsiang and Jina (2014). You can skip:

e Section 2

e pp 32— 49 (start again with Summary and Discussion)

PPHA 34600 Program Evaluation Lecture 11 33/33



