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Any questions?

…Remember – this is a safe space! Every

question is useful!

1



Time Series



Why empirical microeconomists don’t use time series

Spurious correlations here.

Unsolicited financial advice here.

A great idea to lose your tuition fees is here.
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https://www.tylervigen.com/spurious-correlations
https://school.stockcharts.com/doku.php?id=chart_analysis:chart_patterns
https://twitter.com/i/status/1350854473598558213


Time series topics

• Autoregressive and moving-average processes

• Serial correlation (of the errors)

• Unit roots

• Trends

• Detecting trend breaks

• …

My prediction: Not the most important topic on the exam. But

come to OH if you have questions or want to know more!
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Practice

See here
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https://drive.google.com/file/d/1Rh35bOVidHRDtOtWSjvxm92B14zO8IX8/view?usp=drive_link


Diff-in-Diff



Motivation for Differences in Differences

• In the first part of the course, we talked about comparison

between groups or other units (cross-sectional data)

• But we have also seen some comparisons over time:

time-series data

• Both of these have very big and obvious problems, but we

can use them together using (panel data) in a powerful

tool: Differences-in-differences!

5



How to get the causal effect of a treatment

In 2021, UC Berkeley offered free mental health coachings to

students with pre-existing mental health issues. We want to

evaluate the effect of this policy and we collect a depression

score (0-10) for all students at UC Berkeley.

2020 2022

Free Mental Health: Treated 6 6

No Free Mental Health: Untreated 4 5

We can do several comparisons:
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How to get the causal effect of a treatment II

2020 2022

Free Mental Health: Treated 6

No Free Mental Health: Untreated 5

We can do several comparisons:

• Comparison 1: Compare treated and non-treated group

after the intervention

• Estimated treatment effect? 6− 5 = 1

• Problems?

• Identifying assumption: The average difference between

groups is due to the treatment only. Without the

treatment, the average outcome of the treated group

would have been equal to the average outcome of the

control group.
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How to get the causal effect of a treatment III

2020 2022

Free Mental Health: Treated 6 6

No Free Mental Health: Untreated

We can do several comparisons:

• Comparison 2: Compare treated group before and after

the intervention

• Estimated treatment effect? 6− 6 = 0

• Problems?

• Identifying assumption: The average difference across

time is due to the treatment only. Without the treatment,

the average outcome of the treated group would not have

changed.
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How to get the causal effect of a treatment: DiD

2020 2022

Free Mental Health: Treated 6 6

No Free Mental Health: Untreated 4 5

We can do several comparisons:

• Comparison 3: Compare treated to untreated group, before

and after the intervention. Differences in differences!

• Estimated treatment effect?

(6− 6)− (5− 4) = (6− 5)− (6− 4) = −1

• Identifying assumption: Parallel trends: Without the

treatment, the average increase in the outcome of the

treated would have been the same as the average increase

in the outcome of the untreated.
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Sidenote

… We can NOT observe the identifying

assumption! We can find evidence for or

against it, but we can never be sure!
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How to get the causal effect of a treatment: DiD

2020 2022

Free Mental Health: Treated 6 6

No Free Mental Health: Untreated 4 5

We can calculate the DiD estimate in two ways (here:

superscripts stand for treatment/control group, subscripts

denote unit i and time t ∈ {0, 1})

DiD = E[
(
YT
i1 − YT

i0

)︸ ︷︷ ︸
Change for treated

−
(
YC
i1 − YC

i0

)
︸ ︷︷ ︸

Change for untreated

]

= E[
(
YT
i1 − YC

i1

)
︸ ︷︷ ︸
After-difference

−
(
YT
i0 − YC

i0

)
︸ ︷︷ ︸

Before-difference

]
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DiD and Potential Outcomes

Let us look at the second one in more detail:

DiD = E[
(
YT
i1 − YC

i1

)
−
(
YT
i0 − YC

i0

)
]

=
(
E[YT

i1]− E[YC
i1]
)

︸ ︷︷ ︸
After-difference

−
(
E[YT

i0]− E[YC
i0]
)

︸ ︷︷ ︸
Before-difference

Compare this with out formula for selection bias (in time

period 1):

∆ = E[YT
i1]− E[YC

i1]

= E[YTi1(1)− YTi1(0)]︸ ︷︷ ︸
ATT

+
(
E[YTi1(0)]− E[YCi1(0)]

)
︸ ︷︷ ︸

Selection Bias
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DiD and Potential Outcomes

Let us look at the second one in more detail:

DiD = E[
(
YT
i1 − YC

i1

)
−
(
YT
i0 − YC

i0

)
]

=
(
E[YT

i1]− E[YC
i1]
)

︸ ︷︷ ︸
After-difference

−
(
E[YT

i0]− E[YC
i0]
)

︸ ︷︷ ︸
Before-difference

Compare this with out formula for selection bias (at t = 1):

∆ = E[YT
i1]− E[YC

i1]

= E[YTi1(1)− YTi1(0)]︸ ︷︷ ︸
ATT

+
(
E[YTi1(0)]− E[YCi1(0)]

)
︸ ︷︷ ︸

Selection Bias

So DiD=ATT if the before-difference is equal to the selection

bias in period 1: If the treatment group hadn’t gotten the

treatment (potential outcome = 0), the difference to the control

group would have been the same as in period 0. 12



Parallel trends assumption
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(Potential) violation of a parallel trends assumption
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Estimating DiD with regressions

We can set up a simple linear regression to estimate a DiD

model:

Yit = α+ β Treated i + γ Post t + δ Treated i · Post t + uit

2020 2022

Free Mental Health: Treated

No Free Mental Health: Untreated α
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Estimating DiD with regressions

We can set up a simple linear regression to estimate a DiD

model:

Yit = α+ β Treated i + γ Post t + δ Treated i · Post t + uit

2020 2022

Free Mental Health: Treated

No Free Mental Health: Untreated α α+ γ
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Estimating DiD with regressions

We can set up a simple linear regression to estimate a DiD

model:

Yit = α+ β Treated i + γ Post t + δ Treated i · Post t + uit

2020 2022

Free Mental Health: Treated α+ β
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Estimating DiD with regressions

We can set up a simple linear regression to estimate a DiD

model:

Yit = α+ β Treated i + γ Post t + δ Treated i · Post t + uit

2020 2022

Free Mental Health: Treated α+ β α+ β + γ + δ

No Free Mental Health: Untreated α α+ γ
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Estimating DiD with regressions

We can set up a simple linear regression model to get the DiD

estimate:

Yit = α+ β Treated i + γ Post t + δ Treated i · Post t + uit

2020 2022

Free Mental Health: Treated 6 6

No Free Mental Health: Untreated 4 5

With our data, we would get:

• α = 4

• β = 2

• γ = 1

• δ = −1 19



Making DiD more general: Panel Data

estimation



Limitations of the 2x2 DiD framework

In the simple 2x2 framework, we estimated:

Yit = α+ β Treated i + γ Post t + δ Treated i · Post t + uit

How can we extend this framework?
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Intro to Panel Data i

A panel dataset may look like this:
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Intro to Panel Data ii

It may also look like this:
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Interpreting FE regressions

Suppose we collect yearly data on firms’ profits and the gender

of the firms’ CEO, for a sample of 1,000 firms over 20 years.

We can estimate this model with firm and year fixed effects:

Profitsit = β0 + β1Female CEOit + αi + δt + εit

How do we interpret β1?

The same way as in an OLS regression!

β1 describes how having a female CEO is associated with

profits, holding constant all firm-specific factors that do not

change over time, and all time-specific factors that affect all

firms equally. β1 is the effect within each firm (and year!),

controlling for the firm-specific and year-specific fixed effects.
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Visualization

See separate gif!
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https://jonathanold.github.io/images/fe.gif


Limitations of fixed effects

• Imagine we want to estimate the effect of annual income

on happiness and we have a panel following 1,000

individuals over 10 years. You think there are many

omitted variables and include individual-level fixed

effects. You are also interested in the effect of parental

income on happiness. What’s the problem?

• We want to estimate the effect of democracy on economic

growth in a panel of 180 countries over 60 years. We can

include country-fixed effects to account for any effect

coming from different countries having a different climate,

terrain, access to the sea, culture, etc. Are you satisfied

with this approach?

• We want to estimate the effect of education on wages and

think of using individual-level fixed effects. What can go

wrong?
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Any questions?

…Remember – this is a safe space! Every

question is useful!
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Practice



Practice

See here
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https://drive.google.com/drive/u/4/folders/1-cQBZhZluOgRleSDZocxRj2OYfL8uOmj
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