
Welcome to Mastering Metrics!
Econ 140, Section 1

Jonathan Old



Roadmap

1. Getting Started & Housekeeping

2. Time for your questions

3. Econ 140: The Big Picture

4. Correlation and Causation
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Getting Started & Housekeeping



Introduce yourself …

… and an interesting fact about you that you
would like us to know!
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Housekeeping

• What you can expect in this section and from me as GSI:

• Safe Space
• Diversity
• Challenges in this course
• Mental Health

• Core values: Transparency, Integrity, Respect
• I am your learning companion. I see grades as feedback,
not as an evaluation of your abilities or personality.
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What your peers advise!
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What your peers advise (2)!
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What your peers critiqued!
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What your peers critiqued (2)!
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Your questions



Any questions?

… Remember – this is a safe space! Every
question is useful!
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Econ 140: The Big Picture



The Big Picture

• Why is applied econometrics so cool and so important?
• Why do we NOT use Excel? A cautionary tale
• Why econometrics and not data science?

• Causality vs prediction
• Economic models

7

https://www.theatlantic.com/business/archive/2013/04/forget-excel-this-was-reinhart-and-rogoffs-biggest-mistake/275088/


Correlation and Causation



Dissecting Bad Causal Claims

Discuss in groups of 2: Why is this statement problematic?

Figure 1: Police spending and Crime (Source)

8

https://www.washingtonpost.com/politics/2020/06/07/over-past-60-years-more-spending-police-hasnt-necessarily-meant-less-crime/ 


Dissecting Bad Causal Claims II

Discuss in groups of 2: Why is this statement problematic?

Figure 2: Number of Children and Cognitive Function(Source)
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https://studyfinds.org/too-many-kids-harmful-brain/ 


Dissecting Bad Causal Claims III

Discuss in groups of 2: Why is this statement problematic?

Figure 3: Hot baths and health (Source)
10

https://www.health.harvard.edu/heart-health/can-hot-baths-protect-your-heart


Dissecting Bad Causal Claims IV

Discuss in groups of 2: Why is this statement problematic?

Figure 4: Museums and longevity (Source) 11

https://www.nytimes.com/2019/12/22/us/arts-health-effects-ucl-study.html


Dissecting Bad Causal Claims IV

Figure 5: Correlation and causation
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Quiz Time!

We have seen that
“Correlation Does Not Imply Causation”
What about:
“No Correlation Implies No Causation”?
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Counterfactuals, Clones, and Cool Regression
Stuff
Econ 140, Section 2

Jonathan Old



Roadmap

1. Selection bias

2. Potential outcomes

3. RCTs

4. A non-mathematical intro to OLS – OR: standard errors,
t-statistics, and hypothesis tests: What is that all about? Your
choice

1



Any questions?

… Remember – Every question is useful!

1



Selection bias



How to think about Selection Bias

Figure 1: Selection bias
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Dissecting Bad Causal Claims III

Discuss in groups of 2: Why is this statement problematic?

Figure 2: Museums and longevity (Source) 3

https://www.nytimes.com/2019/12/22/us/arts-health-effects-ucl-study.html


Potential outcomes



Potential outcomes

• “Potential outcomes” is a framework that can help us
think through causal claims: An alternative to math,
drawing errors, or thinking things through

• We like to write things down in a rigorous way:
Transparent, easy to verify, easy to replicate

• Potential outcomes are hypothetical outcomes
• Example: Your exam score when you go to all sections vs.

when you go to no sections
• Think of potential outcomes as “parallel universes”

Our main challenge: We NEVER observe an individual at
more than one status at the same time!
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Potential outcomes: Notation

We write the potential outcomes as:

Yi0 = Outcome of individual i with ”status” 0
Yi1 = Outcome of individual i with ”status” 1

}

Counterfactual
Outcomes

Alternative way of writing it: Yi(0) and Yi(1)

”Status” can be anything

• Treatment assignment: 0 or 1
• Actual treatment: 0 or 1
• Drinking expensive whiskey or not
• Can also be: Multi-valued (number of children) or

continuous (hours studied)
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Potential outcomes: Notation

• We are often interested in the expected (think: average)
potential outcome of a group of individuals with a given
status.

• We write the group behind a conditional sign:
E [Scorei0 | iPadi = 0] gives the potential outcome of a
group of people that had no iPad, in the ”parallel
universe” where they don’t have an iPad.

• Then, E [Scorei1 | iPadi = 0] gives the potental outcome of
the same group (that currently have no iPad), in the
”parallel universe” where they do have an iPad.
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Estimating the effect of iPads on grades

Let us start with a difference-in-means comparison:

∆ = E[Gradei|iPadi = 1]− E[Gradei|iPadi = 0]
Add and subtract E[Gradei(0)|iPadi = 1] :
= E[Gradei(1)|iPadi = 1]−E[Gradei(0)|iPadi = 1] +

E[Gradei(0)|iPadi = 1]− E[Gradei(0)|iPadi = 0]
Use properties of expectations:
= E[Gradei(1)− Gradei(0)|iPadi = 1] +

E[Gradei(0)|iPadi = 1]− E[Gradei(0)|iPadi = 0]
=

Treatment effect for group with iPad Selection bias

Selection bias: Students with and without iPad have different
potential grades: even if they both had iPads, they would be
different.
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Selection Bias revisited

Figure 3: Selection bias
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RCTs



RCTs solve selection bias

We had:

∆ = E[Gradei(1)− Gradei(0)|iPadi = 1] +

E[Gradei(0)|iPadi = 1]− E[Gradei(0)|iPadi = 0]

• The second line was selection bias: The potential grade of
individuals with and without iPad is different

• If the treatment (iPad) is independent of the potential
outcomes, then:

iPadi ⊥ (Gradei(1),Gradei(0))
⇒ E[Gradei(0)|iPadi = 1] = E[Gradei(0)|iPadi = 0]

and selection bias will be zero.
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Remaining issues with RCTs

RCTs solve the selection bias problem by randomly assigning
treatment to different groups.

Discuss in groups:
1. Is this the same thing as saying ”We drew a random

sample from the population?”
2. What are some problems with RCTs? (ethical/practical/econometric)

• Ethical concerns
• Practical concerns
• Hawthorne effect / experimenter demand effects
• Non-compliance
• Spillover effects / general equilibrium effects
• External validity (Generalizability)
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RCTs have revolutionized economics

Figure 4: Abhijeet Banerjee and Ester DuŖo. (Source) 11

https://www.npr.org/sections/money/2011/06/08/137041672/the-tuesday-podcast-poor-economics
https://www.npr.org/sections/money/2011/06/08/137041672/the-tuesday-podcast-poor-economics


OLS or hypothesis tests: Your choice



OLS regression

See this hilarious example

12

https://www.nature.com/articles/431525a


Hypothesis testing

We need a few ingredients:

• Random variables: Our estimator is a random variable
(randomly drawn from population)

• Standard error: Random variables have a standard
deviation, estimators have standard errors. This quantiŕes
their uncertainty

• Statistics: The two keywords are the law of large numbers
and the central limit theorem: The sum/mean of many
random variables will follow normal distribution

• For hypothesis test: null and alternative hypothesis.
• We assume that the null hypothesis is true and then see

how plausible results are, given that null hypothesis is
true.

• If they are implausible – we reject the null hypothesis!
Otherwise: Fail to reject.

13
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It’s all connected

14



Regression in Action: Bias, squares, and
measurement error
Econ 140, Section 3

Jonathan Old



Roadmap

1. Regression

2. Recap

3. Selection bias in action: Omitted Variable Bias

4. Measurement Error

1



Any questions?

… Remember – Every question is useful!

1



Regression



Regression: Basics, Interpretation, Quadratic Terms

See in Datahub

2



Recap



Recap: Selection bias

We saw that whenever we do a difference-in-means
comparison (or a regression), we get:

Causal Effect
+

Selection Bias

• We cannot observe them - so we can never be sure!
• Econometrics is all about uncertainty. You can always
state that there are different possibilities and you cannot
know for sure

3



Recap: How to think about Selection Bias

Figure 1: Selection bias

4



Selection bias in action: Omitted
Variable Bias



The most important slide of this course (until the midterm)

We can summarize everything of OVB in three equations. Let Yi
be the outcome variable, Xi our regressor of interest, and Zi the
”omitted” variable.

[Long regression] Yi = c1 + βLXi + δZi + ei
[Short regression] Yi = c2 + βSXi + ui

[Auxiliary regression] Zi = c3 + γXi + vi
Then, the Omitted variable bias formula states that:

βS
︸︷︷︸

Short =

= βL
︸︷︷︸

Long +

+ δ

︸︷︷︸

Omitted ×

· γ

︸︷︷︸

Included

We call δγ the omitted variable bias. We can appraise the
direction of the bias by multiplying our guesses for the signs of
δ and γ. 5



Wait a minute!

We saw that the OLS coef˪cient in the short regression is:

α1 = βL
︸︷︷︸

Actual effect

+ δγ
︸︷︷︸

Omitted variable bias

This looks awfully much like:

6



Control variables

Control variables are additional variables (or covariates)
included in a regression. We do this for various reasons (in
decreasing order of importance):

• To remove selection bias / omitted variable bias
• To increase precision of our estimates
• To know about the (conditional/partial) correlation of
other variables

• To better predict the outcome

Let’s see graphically how control variables work.
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Any questions?

… Remember – Every question is useful!

7



Measurement Error



Measurement Error

See on Blackboard and in RStudio.
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More regressions stuff!
Econ 140, Section 4

Jonathan Old



Roadmap

1. Omitted Variable Bias

2. Bad Controls

3. Quadratic Terms

4. Interaction terms

1



Any questions?

… The midterm is getting closer: Now is the
time for clarifying questions!

1



Omitted Variable Bias



Recap: OVB (Very important!)

We can summarize everything of OVB in three equations. Let Yi
be the outcome variable, Xi our regressor of interest, and Zi the
”omitted” variable.

[Long regression] Yi = c1 + βLXi + δZi + ei

[Short regression] Yi = c2 + βSXi + ui

[Auxiliary regression] Zi = c3 + γXi + vi

Then, the Omitted variable bias formula states that:

βS
︸︷︷︸

Short =

= βL
︸︷︷︸

Long +

+ δ

︸︷︷︸

Omitted ×

· γ

︸︷︷︸

Included

We call δγ the omitted variable bias. We can appraise the
direction of the bias by multiplying our guesses for the signs of
δ and γ. If either δ = 0 or γ = 0, then OVB is zero! 2



Regression: Basics, Interpretation, Quadratic Terms

See in Datahub: OVB example, OVB visualized

3

https://datahub.berkeley.edu/hub/user-redirect/git-pull?repo=https%3A%2F%2Fgithub.com%2Fryanedw%2FECON-140-FA23-RDE&branch=main&urlpath=tree%2FECON-140-FA23-RDE%2F


Bad Controls



Control variables

Control variables are additional variables (or covariates)
included in a regression. We do this for various reasons (in
decreasing order of importance):

• To remove selection bias / omitted variable bias
• To increase precision of our estimates
• To know about the (conditional/partial) correlation of
other variables

• To better predict the outcome

Let’s see graphically how control variables work! Datahub

4

https://datahub.berkeley.edu/hub/user-redirect/git-pull?repo=https%3A%2F%2Fgithub.com%2Fryanedw%2FECON-140-FA23-RDE&branch=main&urlpath=tree%2FECON-140-FA23-RDE%2F


Bad controls

• Some controls are called ”bad controls”. These are:
1. Variables that are themselves outcomes of a treatment:

What happens if you control for the change in English test
scores in the regression below?

2. Variables that moderate the treatment effect, e.g.
controlling for occupation choice in gender wage gap
regression . . .

• Rule of Thumb: Good controls are either pre-determined
or immutable characteristics.

• Another way to think about it: Controls help us make
”apples to apples” comparisons. Which apples matter?

5



Mathematically, good and bad controls are the
same thing.

We need to use our🧠 to distinguish them!

5



Quadratic Terms



Making OLS more interesting

• We can extend the simple OLS framework

Yi = β0 + β1Xi + ei

to something richer:

Yi = β0 + β1Xi + β2X2
i + ei

• All questions of the type ”how is Yi expected to change if
we change Xi”, keeping all other variables in the regression
˩xed can be solved with partial derivatives – in this case:

∂Yi
∂Xi

=

1 2 2 Xi

6
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Example for Quadratic Terms

Let’s see how to use quadratic terms on Datahub

7

https://datahub.berkeley.edu/hub/user-redirect/git-pull?repo=https%3A%2F%2Fgithub.com%2Fryanedw%2FECON-140-FA23-RDE&branch=main&urlpath=tree%2FECON-140-FA23-RDE%2F


Interaction terms



Interaction terms: Making OLS more interesting

Let us consider the model

Yi = β0 + β1X1i + β2X2i + ei

where Yi is a country’s GDP per capita, X1i the value of its
natural resources, and X2i a measure of how democratic it is.

1. How do we interpret β1?

Keeping democracy ˪xed, increasing the value of a
country’s natural resources by one unit is associated with
1 higher GDP per capita.

2. How do we interpret 2?
Keeping natural resources ˪xed, increasing a country’s
democracy score by one unit is associated with 2 higher
GDP per capita.
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democracy score by one unit is associated with β2 higher
GDP per capita.
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Interaction Terms (ii)

Now, let us extend the model to:

Yi = β0 + β1X1i + β2X2i + β3X1iX2i + ei

1. What is the ”effect” of X1i on Yi?

1 + 3X2i
2. How do we interpret 1? The effect of an additional unit

of X1i , if X2i is equal to 0.
3. How do we interpret 2? The effect of an additional unit

of X2i , if X1i is equal to 0.
4. How do we interpret 1 3? The effect of an additional

unit of X1i , if X2i is equal to 1.

Rule of thumb: Always use partial derivatives to make sure
that you are right!

9



Interaction Terms (ii)

Now, let us extend the model to:

Yi = β0 + β1X1i + β2X2i + β3X1iX2i + ei

1. What is the ”effect” of X1i on Yi? β1 + β3X2i

2. How do we interpret 1? The effect of an additional unit
of X1i , if X2i is equal to 0.

3. How do we interpret 2? The effect of an additional unit
of X2i , if X1i is equal to 0.

4. How do we interpret 1 3? The effect of an additional
unit of X1i , if X2i is equal to 1.

Rule of thumb: Always use partial derivatives to make sure
that you are right!

9



Interaction Terms (ii)

Now, let us extend the model to:

Yi = β0 + β1X1i + β2X2i + β3X1iX2i + ei

1. What is the ”effect” of X1i on Yi? β1 + β3X2i
2. How do we interpret β1?

The effect of an additional unit
of X1i , if X2i is equal to 0.

3. How do we interpret 2? The effect of an additional unit
of X2i , if X1i is equal to 0.

4. How do we interpret 1 3? The effect of an additional
unit of X1i , if X2i is equal to 1.

Rule of thumb: Always use partial derivatives to make sure
that you are right!

9



Interaction Terms (ii)

Now, let us extend the model to:

Yi = β0 + β1X1i + β2X2i + β3X1iX2i + ei

1. What is the ”effect” of X1i on Yi? β1 + β3X2i
2. How do we interpret β1? The effect of an additional unit

of X1i , if X2i is equal to 0.

3. How do we interpret 2? The effect of an additional unit
of X2i , if X1i is equal to 0.

4. How do we interpret 1 3? The effect of an additional
unit of X1i , if X2i is equal to 1.

Rule of thumb: Always use partial derivatives to make sure
that you are right!

9



Interaction Terms (ii)

Now, let us extend the model to:

Yi = β0 + β1X1i + β2X2i + β3X1iX2i + ei

1. What is the ”effect” of X1i on Yi? β1 + β3X2i
2. How do we interpret β1? The effect of an additional unit

of X1i , if X2i is equal to 0.
3. How do we interpret β2?

The effect of an additional unit
of X2i , if X1i is equal to 0.

4. How do we interpret 1 3? The effect of an additional
unit of X1i , if X2i is equal to 1.

Rule of thumb: Always use partial derivatives to make sure
that you are right!

9



Interaction Terms (ii)

Now, let us extend the model to:

Yi = β0 + β1X1i + β2X2i + β3X1iX2i + ei

1. What is the ”effect” of X1i on Yi? β1 + β3X2i
2. How do we interpret β1? The effect of an additional unit

of X1i , if X2i is equal to 0.
3. How do we interpret β2? The effect of an additional unit

of X2i , if X1i is equal to 0.

4. How do we interpret 1 3? The effect of an additional
unit of X1i , if X2i is equal to 1.

Rule of thumb: Always use partial derivatives to make sure
that you are right!

9



Interaction Terms (ii)

Now, let us extend the model to:

Yi = β0 + β1X1i + β2X2i + β3X1iX2i + ei

1. What is the ”effect” of X1i on Yi? β1 + β3X2i
2. How do we interpret β1? The effect of an additional unit

of X1i , if X2i is equal to 0.
3. How do we interpret β2? The effect of an additional unit

of X2i , if X1i is equal to 0.
4. How do we interpret β1 + β3?

The effect of an additional
unit of X1i , if X2i is equal to 1.

Rule of thumb: Always use partial derivatives to make sure
that you are right!

9



Interaction Terms (ii)
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Interactions with only dummy variables

• Take any two binary variables, for example: Studies at UC
Berkeley or not (UCBi), and is from California or not (Calii).

• The regression with interactions looks like this:

Yi = β0
︸︷︷︸

17.77

+ β1
︸︷︷︸

2.28

UCBi + β2
︸︷︷︸

0.95

Calii + β3
︸︷︷︸

−0.97

UCBi × Calii

• We can write this in a table, and get all group averages

Cali = 1 Cali=0

UCB = 1 β0 + β1 + β2 + β3 β0 + β1
=17.77+2.28+0.95-0.97 = 17.77 + 2.28

UCB = 0 β0 + β2 β0
= 17.77 + 0.95 =17.77

• Take differences between cells to get different effects!
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Getting ˪t for the Midterm!
Econ 140, Section 5

Jonathan Old



Roadmap

1. Quadratic Terms

2. Interaction terms

3. Exam practice

4. Logs

5. Topics we’ve glossed over so far

1



Any questions?

… Time for Midterm-related questions!

1



Quadratic Terms



Making OLS more interesting

• We can extend the simple OLS framework

Yi = β0 + β1Xi + ei

to something richer:

Yi = β0 + β1Xi + β2X2
i + ei

• All questions of the type ”how is Yi expected to change if
we change Xi”, keeping all other variables in the regression
˩xed can be solved with partial derivatives – in this case:

∂Yi
∂Xi

=

1 2 2 Xi
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Making OLS more interesting

• We can extend the simple OLS framework

Yi = β0 + β1Xi + ei

to something richer:

Yi = β0 + β1Xi + β2X2
i + ei

• All questions of the type ”how is Yi expected to change if
we change Xi”, keeping all other variables in the regression
˩xed can be solved with partial derivatives – in this case:

∂Yi
∂Xi

= β1 + 2 · β2 · Xi
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Interaction terms



Interaction terms: Making OLS more interesting

Let us consider the model

Yi = β0 + β1X1i + β2X2i + ei

where Yi is a country’s GDP per capita, X1i the value of its
natural resources, and X2i a measure of how democratic it is.

1. How do we interpret β1?

Keeping democracy ˪xed, increasing the value of a
country’s natural resources by one unit is associated with
1 higher GDP per capita.

2. How do we interpret 2?
Keeping natural resources ˪xed, increasing a country’s
democracy score by one unit is associated with 2 higher
GDP per capita.
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Interaction Terms (ii)

Now, let us extend the model to:

Yi = β0 + β1X1i + β2X2i + β3X1iX2i + ei

1. What is the ”effect” of X1i on Yi?

1 + 3X2i
2. How do we interpret 1? The effect of an additional unit

of X1i , if X2i is equal to 0.
3. How do we interpret 2? The effect of an additional unit

of X2i , if X1i is equal to 0.
4. How do we interpret 1 3? The effect of an additional

unit of X1i , if X2i is equal to 1.

Rule of thumb: Always use partial derivatives to make sure
that you are right!
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Interactions with only dummy variables
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Exam practice



Practice exam question: 1a)

The Ministry of Truth is interested in a rumour that air pollution
could impact mental health. One of the most harmful pollutants is
ŕne particulate matter PM2.5, which comes from operations that
involve the burning of fuels such as wood, oil, coal, etc. A research
team is sent to investigate the rumour. The team randomly selects
and surveys 19,920 people across 71 districts of the country. The key
variable, Exposure Ei, is a dummy variable equal to 1 if the individual
i is exposed to a large amount of PM2.5 in the last 24 hours, and 0
otherwise. The team also conducts a standardised questionnaire to
record depressive symptoms in the last month, called the Kessler
Psychological Distress scale (K6). The questionnaire results in a
score, Depressioni, that ranges from 0 to 24; and the higher the score,
the more severe the depressive symptoms for individual i. The
variable has a sample average of 2.96. Running regressions with
Depression Di as the dependent variable, you obtain the following
results:
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Practice exam question: 1a)

Dependent variable: Depression i

Regressor (1) (2) (3)

Exposure i 0.834 0.614 0.554
(0.032) (0.045) (0.042)

Exposure i× Female i 0.065
(0.024)

Female i −0.739 −0.825
(0.036) (0.066)

Agei 0.452
(0.132)

Age2
i 0.524

(0.121)

Notes: All estimations contain a constant term. Robust standard errors are
in the parentheses. Agei is the age (years old) of individual i, and Age2

i is the
square of Agei.
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Pratice Exam question: 1a)

a) Interpreting the coefŕcient in Column (1), a journalist,
Katherine, claims: ”Since participants are randomly selected,
we can infer that exposure to a large amount of PM2.5 does
cause depression.”
i. Explain carefully why Katherine is wrong, specifying the
direction of bias(es) if there is any. Which assumption(s) would
she need to impose for the causality claim to hold?
ii. What is the correct interpretation from Column (1) that
Katherine should have made?
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(Detailed) Suggested Answer: 1a)

i. Random selection is not the same thing as random assignment to
treatment! Survey respondents may be systematically different from each
other in ways that are correlated with depression and pollution exposure.
Therefore, the results from a regression can not be interpreted causally (and
are biased). A priori, it is unclear in which direction the bias would go, but
we could imagine that (Only one explanation needed for exam):
On rainy days, pollution is lower (-) and people may be reporting more
depression symptoms (+), leading to downward bias. More wealthy people
choose to live in less polluted areas (-) and they may have less depression
(e.g., better access to mental health resources) (-), leading to upward bias.
For the regression causality claim to hold, we need to assume that: People
exposed to pollution and those not exposed to pollution would have, on
average, the same depression level, had they been exposed to the same
level of pollution. In other words: Both groups would have to have the same
potential depression outcomes.
ii. On average, people that were exposed to pollution had a 0.8 points higher
score on the depression scale. The difference between the two groups is
signiŕcant at the 5% level. 9



Pratice Exam question: 1b)

b) Interpret column (2) of the regression table
i. A colleague notes the the coefŕcient on Femalei is
signiŕcant, and states: ”The effect of being female on
depression is signiŕcantly different from zero”. Do you agree
with the statement? Why or why not?
ii. How is pollution exposure related to depression, for men?
And how for women?
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(Detailed) Suggested Answer: 1b)

i. It is dif˪cult to make such interpretations when interaction terms are
involved. Taking partial derivatives, the ”effect” of being female is:

∂Depressioni
∂Femalei

= −0.739+ 0.065 · Exposurei

We can do inference (and test signiŕcance) at Exposurei = 0 (just looking at
the coefŕcient for female, −0.739 is signiŕcant). We can also do it for any
other level of exposure, but for that we also need to take the other
coefŕcient into account and cannot just use the table.
Comment 1: Less relevant for the exam, but important to be aware of!
Comment 2: We can always do inference on the interaction term, which is
signi˪cant here!

ii. Taking partial derivatives, the ”effect” of pollution exposure is:
∂Depressioni
∂Exposurei

= 0.614+ 0.065 · Femalei

Hence, the ”effect” for Males is 0.614 and the ”effect” for Females is larger
(0.614+ 0.065 = 0.779). The effect of pollution is also sign˪cantly larger
than for men, because the coefŕcient on the interaction term is signiŕcantly
different from zero.
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Logs



Notes on logarithms

• We can take logs of whole equations to get linear models
(problem set)

• We can also take logs of speciŕc variables, especially when
they have long tails (wealth in the US, GDP per capita, etc.)

• We can get to the right interpretation of log-speciŕcations
with just math

• But I will make your life easier with a cheat sheet.
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Logs: Cheatsheet

Model LHS RHS A change in
x by . . .

is associated
with a change
in y by . . .

Level-Level y x 1 unit β1 units
Level-Log y log(x) 1% β1/100 units
Log-Level log(y) x 1 unit 100β1%
Log-Log log(y) log(x) 1% β1%

If you want to get a bonus star from me, write ”approximately”
in log-interpretations.
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Topics we’ve glossed over so far



Any questions?

… Time for Midterm-related questions!
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What if the outcome variable is binary (a dummy variable)?

Let’s run the regression

Defaultedi = α+ β ˜Credit Scorei + ei

where Defaultedi is equal to 1 if individual i has ever defaulted
on a loan (mortgage, credit card, auto loan, etc.), and

˜Credit Scorei is i’s credit score, minus the average credit score
in the sample (Note: US credit scores range from 300 to 850
points).

1. You run a regression and get α̂=0.1. How do you interpret
this? Does this number make sense here?

2. Your estimate for β is β̂ = 0.001. Interpret.

With a dummy dependent variable, changing Xi by one unit
increases the probability of Yi 1 by 100 percentage points.
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Measurement error

See how it works visualized here.
Measurement error in y is not a problem! See here.
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Hypothesis testing mini-cheatsheet

∣
∣
∣
∣
∣

β̂

SE(β̂)

∣
∣
∣
∣
∣
≥ 1.96

⇔ | t-stat | ≥ 1.96
⇔ p-value ≤ 0.05

⇔ 0 /∈ CI
If you are testing the null hypothesis H0: β = 0 (against the
alternative hypothesis H0: β ̸= 0), then all of these are
equivalent, and you can use any of these.
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The power of RCTs – Teacher Performance Pay
in India
Econ 140, Section 6

Jonathan Old



Roadmap

1. OVB, Bad Controls

2. Omitted Variable Bias

3. Recap: RCTs

4. Exam review

1



Any comments about the midterm?

1



OVB, Bad Controls



Omitted Variable Bias



Recap: OVB (Very important!)

We can summarize everything of OVB in three equations. Let Yi
be the outcome variable, Xi our regressor of interest, and Zi the
”omitted” variable.

[Long regression] Yi = c1 + βLXi + λZi + γLCi + ei
[Short regression] Yi = c2 + βSXi + γSCi + ui

[Auxiliary regression] Zi = c3 + πXi + γACi + vi
Then, the Omitted variable bias formula states that:

βS
︸︷︷︸

Short =

= βL
︸︷︷︸

Long +

+ λ

︸︷︷︸

Omitted ×

· π

︸︷︷︸

Included

We call λπ the omitted variable bias. We can appraise the
direction of the bias by multiplying our guesses for the signs of
λ and π. If either λ = 0 or π = 0, then OVB is zero! 2



Bad controls

• Some controls are called ”bad controls”. These are:
1. Variables that are themselves outcomes of a treatment:

What happens if you control for the change in English test
scores in the regression below?

2. Variables that moderate the treatment effect: If gender
affects earnings because gender affects occupational
choice, then controlling for occupation shuts down this
channel

• Rule of Thumb: Good controls are either pre-determined
or immutable characteristics.

• Example: Education, income, ZIP code at birth, current ZIP
code

3



Recap: RCTs



RCTs

• In RCTs, the treatment is randomly assigned: So it is, by
de˪nition, independent of any other characteristics at
baseline

• Can we test whether this is true in the data?
• Therefore, any ”good control” is not necessary to remove
OVB

• But: We still need to be careful about bad controls,
because these happen after the treatment

4



Balance table

• If we test 100 baseline characteristics: How often would we
expect p-values below 0.05 if our randomization worked?

• Do you think randomization worked in this case?
5



Exam review



How to approach an exam question

1. Think: About the question, about the real world
2. Start with the numbers you see

• One-sentence summary
• Direction (positive or negative?)
• Statistical signi˪cance (signi˪cant or insigni˪cant, level?)
• (Economic) magnitude (big or small?)

3. Then: Establish whether estimated relationship is causal
or not

• What do the results mean? Correlation (interesting) or
causality (policy-relevant)

• Is X-variable randomized? Do we have valid
counterfactuals?

• If not: Do you expect bias? Of which sort (OVB, reverse
causality, bad controls, . . . )?

• Find a plausible story for bias (using the OVB formula)

There are no traps! 6



Introduction to Instrumental Variables
Econ 140, Section 7

Jonathan Old



Roadmap

1. (Group) data projects

2. Introduction to Instrumental Variables

3. IV Conditions

4. IV Summary

5. Group work

1



Any questions?

… Remember – Every question is useful!

1



(Group) data projects



Your time for questions

I prepared a document that can help you ŕnd data if you are
lost. See it here.

The ŕrst deadline is this Friday.

Group work encouraged!

2

https://docs.google.com/document/d/1jk2HeniO9-yWuK9wG_iPcWnWQooZdlzhRWYWYSSqG4Q/edit?usp=sharing


Introduction to Instrumental
Variables



Recap: Omitted Variable Bias

3



Instrumental variables: The setup

4



Recap: IV ”rescales” the effect

A simple example:

• We want to know the effect of chocolate (X) on happiness
(Y), using a randomized voucher as instrument (Z).

• We ŕnd: people with voucher were 3 points more happy
(δ = 3), and ate 0.5 more chocolates (γ = 0.5).

• Then, the effect of eating one more chocolate is:

3 0 5 6.
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Recap: IV ”rescales” the effect

A simple example:

• We want to know the effect of chocolate (X) on happiness
(Y), using a randomized voucher as instrument (Z).

• We ŕnd: people with voucher were 3 points more happy
(δ = 3), and ate 0.5 more chocolates (γ = 0.5).

• Then, the effect of eating one more chocolate is:
β = δ/γ = 3/0.5 = 6.

5



Calculating the IV coefŕcient

What is the effect of eating chocolate (D) on happiness (Y).

• Why not estimate: Yi = α+ βDi + εi?

Randomly give voucher to buy chocolate at 90% discount (Z).

• Why not estimate: Yi = α+ βZi + εi?

Let us set up some regressions:

Regression of interest: Yi = α+ βDi + ei

First stage: Di = α1 + γZi + ui

Reduced Form: Yi = α2 + δZi + vi

Plug in regression of interest: Yi = α+ β(α1 + γ · Zi + ui) + ei

Get back reduced form: = (α+ βα1)
︸ ︷︷ ︸

α2

+(βγ)
︸︷︷︸

δ

Zi + (βui + ei)
︸ ︷︷ ︸

vi

So we see that δ = βγ ⇔ β = δ/γ 6



Interpretation of the IV coefŕcient

• How do we interpret γ ?

The average difference in
chocolate consumption between those who got a voucher
and those who didn’t

• How do we interpret ? The average difference in
happiness between those who got a voucher and those
who didn’t

E Yi Zi 1 E Yi Zi 0
E Di Zi 1 E Di Zi 0

7
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Interpretation of the IV coefŕcient

• How do we interpret γ ? The average difference in
chocolate consumption between those who got a voucher
and those who didn’t

• How do we interpret δ ? The average difference in
happiness between those who got a voucher and those
who didn’t

β =
γ

δ
=

E [Yi | Zi = 1]− E [Yi | Zi = 0]
E [Di | Zi = 1]− E [Di | Zi = 0]

7



IV gives us the treatment effect for the compliers

8



IV Conditions



Does IV always work?

• No! It only works if we have a valid instrument
• For this, we need three conditions:

1. Relevance: Z must truly affect X

9



Does IV always work?

• No! It only works if we have a valid instrument
• For this, we need three conditions:

2. Independence/Exogeneity: Z is as good as randomly
assigned
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Does IV always work?

• No! It only works if we have a valid instrument
• For this, we need three conditions:

3. Exclusion: The ONLY way that Z affects Y is via X!

11



IV Summary



IV summary

We need the following three assumptions for IV to work:

1 Relevance: Z must truly affect X
2 Independence/Exogeneity: Z is as good as randomly

assigned
3 Exclusion Restriction: The only way that Z affects Y is via X.

12



How IV estimates can be different from OLS estimates

• OVB: If OLS had omitted variable bias, and our instrument
is valid, then the IV estimate should be different. We can
check whether this is plausible with the OVB formula

• Measurement error: If we have random measurement
error in the independent variable (X), then we can use IV
to overcome this. In that case, the IV coefŕcient will be
larger (in absolute value) than the OLS coefŕcient

• LATE: OLS gives us ATT + Selection Bias, while IV gives us
the treatment effect on the compliers (LATE). The ATT may
be different from LATE, even without selection bias.

• Invalid IV: Hard to determine what exactly is going on
• Sampling variation: This can just happen by chance

13



IV and controls

• There is a catch in IV: independence (exogeneity) and
exclusion restriction only need to hold conditionally

• This means: If we know C, we can control for it in the IV
regression, and the concerns go away

• But then, we have the old OLS problems again (we maybe
need to control for lots of things)

• So we should only do this in cases where we really know
all the C’s.

14



Any questions?

… Remember – Every question is useful!

14



Group work



Group work

Group 1: We are interested in the effect of being in the army on
crime. We instrument being in the army with a lottery
(paper)

Group 2: We are interested in the effect of income on conŖict. We
instrument income with rainfall (paper)

Group 3: We are interested in the effect of air pollution on
mortality. We instrument local air pollution with wind
direction (paper)

1 Relevance: Z must truly affect X
2 Independence/Exogeneity: Z is as good as randomly

assigned
3 Exclusion restriction: The only way that Z affects Y is via X

Your job: Discuss whether these assumptions hold!
15

https://www.aeaweb.org/articles?id=10.1257/app.3.2.119
https://www-journals-uchicago-edu.libproxy.berkeley.edu/doi/10.1086/421174
https://www.aeaweb.org/articles?id=10.1257/aer.20180279


Any questions?

… Remember – Every question is useful!

15



Instrumental Variables: Practice
Econ 140, Section 8

Jonathan Old



Roadmap

1. (Group) data projects

2. Introduction to Instrumental Variables

3. IV Summary

4. Rainfall IV

5. Group work

1



Any questions?

… Remember – Every question is useful!

1



(Group) data projects



Your time for questions

I prepared a document that can help you ŕnd data if you are
lost. See it here.

Let’s take some time and go over your topics and strategies.

2

https://docs.google.com/document/d/1jk2HeniO9-yWuK9wG_iPcWnWQooZdlzhRWYWYSSqG4Q/edit?usp=sharing


Introduction to Instrumental
Variables



Recap: Omitted Variable Bias

3



Instrumental variables: The setup

4



Recap: IV ”rescales” the effect

A simple example:

• We want to know the effect of chocolate (X) on happiness
(Y), using a randomized voucher as instrument (Z).

• We ŕnd: people with voucher were 3 points more happy
(δ = 3), and ate 0.5 more chocolates (γ = 0.5).

• Then, the effect of eating one more chocolate is:

3 0 5 6.

5



Recap: IV ”rescales” the effect

A simple example:

• We want to know the effect of chocolate (X) on happiness
(Y), using a randomized voucher as instrument (Z).

• We ŕnd: people with voucher were 3 points more happy
(δ = 3), and ate 0.5 more chocolates (γ = 0.5).

• Then, the effect of eating one more chocolate is:
β = δ/γ = 3/0.5 = 6.

5



IV in R

Let’s see how IV and 2SLS works on Datahub

6

https://datahub.berkeley.edu/hub/user-redirect/git-pull?repo=https%3A%2F%2Fgithub.com%2Fryanedw%2FECON-140-FA23-RDE&branch=main&urlpath=tree%2FECON-140-FA23-RDE%2F


Calculating the IV coefŕcient

What is the effect of eating chocolate (D) on happiness (Y).

• Why not estimate: Yi = α+ βDi + εi?

Randomly give voucher to buy chocolate at 90% discount (Z).

• Why not estimate: Yi = α+ βZi + εi?

Let us set up some regressions:

Regression of interest: Yi = α+ βDi + ei

First stage: Di = α1 + γZi + ui

Reduced Form: Yi = α2 + δZi + vi

Plug in regression of interest: Yi = α+ β(α1 + γ · Zi + ui) + ei

Get back reduced form: = (α+ βα1)
︸ ︷︷ ︸

α2

+(βγ)
︸︷︷︸

δ

Zi + (βui + ei)
︸ ︷︷ ︸

vi

So we see that δ = βγ ⇔ β = δ/γ 7



IV gives us the treatment effect for the compliers

8



IV Summary



IV summary

We need the following three assumptions for IV to work:

1 Relevance: Z must truly affect X
2 Independence/Exogeneity: Z is as good as randomly

assigned
3 Exclusion Restriction: The only way that Z affects Y is via X.
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Any questions?

… Remember – Every question is useful!
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Rainfall IV



Intro

10



Why IV?
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Relevance

12



Exclusion

13



Exclusion

14



Exclusion

15



Exclusion

16



Interested in these topics?

17

https://freakonomics.com/podcast/edward-miguel-on-collecting-economic-data-by-canoe-and-correlating-conflict-with-rainfall/


Group work



Group work

Group 1: We are interested in the effect of being in the army on
crime. We instrument being in the army with a lottery
(paper)

Group 2: We are interested in the effect of protestant religion on
economic growth. We instrument protestantism in a
region with the distance to Wittenberg (paper)

Group 3: We are interested in the effect of air pollution on
mortality. We instrument local air pollution with wind
direction (paper)

1 Relevance: Z must truly affect X
2 Independence/Exogeneity: Z is as good as randomly

assigned
3 Exclusion restriction: The only way that Z affects Y is via X

Your job: Discuss whether these assumptions hold! 18

https://www.aeaweb.org/articles?id=10.1257/app.3.2.119
https://academic.oup.com/qje/article/124/2/531/1905076
https://www.aeaweb.org/articles?id=10.1257/aer.20180279


Any questions?

… Remember – Every question is useful!

18



Differences in Differences
(with a Time Series Detour)
Econ 140, Section 9
MM Chapter 5

Jonathan Old



Roadmap

1. IV revision

2. Time Series

3. Motivation for DiD

4. Rainfall IV: Checking relevance with DiD

1



IV revision



Group work

Group 1: We are interested in the effect of being in the army on
crime. We instrument being in the army with a lottery
(paper)

Group 2: We are interested in the effect of protestant religion on
economic growth. We instrument protestantism in a
region with the distance to Wittenberg (paper)

Group 3: We are interested in the effect of air pollution on
mortality. We instrument local air pollution with wind
direction (paper)

1 Relevance: Z must truly affect X
2 Independence/Exogeneity: Z is as good as randomly

assigned
3 Exclusion restriction: The only way that Z affects Y is via X

Your job: Discuss whether these assumptions hold! 2

https://www.aeaweb.org/articles?id=10.1257/app.3.2.119
https://academic.oup.com/qje/article/124/2/531/1905076
https://www.aeaweb.org/articles?id=10.1257/aer.20180279


Any questions?

… Remember – Every question is useful!

2



Time Series



Why empirical microeconomists don’t use time series

Spurious correlations here.

Unsolicited ˪nancial advice here.

A great idea to lose your tuition fees is here.

3

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!

4



Motivation for DiD



Motivation for Differences in Differences

• In the ˪rst 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:

6



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.

7
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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.

8
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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. 8



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.

9



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.

9



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. 9



Sidenote

… We can NOT observe the identifying
assumption! We can ŕnd evidence for or

against it, but we can never be sure!

9



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

]

10



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[YT
i1(1)− YT

i1(0)]
︸ ︷︷ ︸

ATT

+
(

E[YT
i1(0)]− E[YC

i1(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[YT
i1(1)− YT

i1(0)]
︸ ︷︷ ︸

ATT

+
(

E[YT
i1(0)]− E[YC

i1(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

13



(Potential) violation of a parallel trends assumption

14



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

15



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

No Free Mental Health: Untreated α α+ γ

17



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

18



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



Any questions?

… Remember – Every question is useful!

19



Rainfall IV: Checking relevance with
DiD



Rainfall and Income

You are hired by the Government of Ghana to study the impact
of income on the level of education. Using data on rural
villages, you estimate the following population regression
using OLS:

Educi = β0 + β1 Income i + β2 Pop i + β3 School i + β4 Age i + ui

where Educi is average years of formal education in the village,
Incomei is average annual income per capita in the village,
Popi is the number of village residents, Schooli is the number
of schools in the village, and Agei is the average age of the
village population.

Explain what econometric problem is likely to arise that leads
to biased and inconsistent estimates as a result of including
Income as a regressor in the education regression as is done
above. 20



IV regression

We want to know the effect of income on education and
estimate

Educi = β0 + β1 Income i + β2 Pop i + β3 School i + β4 Age i + ui

You learn from Ghana’s Minister of Agriculture that the
country’s citizens derive the bulk of their income from
agriculture. As a result, you cleverly infer that average annual
rainfall (Rainfall) may be a good instrument for income. You
recall from your econometrics course that an instrument can
be used in a procedure called Two Stage Least Squares that is
designed to solve this econometric problem. Describe carefully
the ˪rst of the two stages.

21



Checking Relevance with DiD

You want to check the Minister’s suggestion that rainfall has an
impact on incomes in Ghana. You have information on average
annual incomes in 1996 and 1997 for two regions: the ”coastal
region,” which had the same precipitation level in both years,
and the ”hill region,” which experienced a 30% increase in
rainfall. Comparing 1996 and 1997, income in the coastal region
fell from 124 to 104, while income in the hill region fell from 98
to 96 . You also recall from your econometrics course that this
situation might represent a ”natural” or ”quasi” experiment,
allowing you to estimate the ”treatment effect” of rainfall.
Perform a difference in differences analysis of the effect of
rainfall on average income. Summarize the analysis in a table.

22



DiD summary

Region Rainfall 1996 1997
Coast (control) No change 124 104
Hill (treatment) +30% 98 96

This is equivalent to estimating:

Iit = β0 + β1Gi + β2Dt + β3Gi × Dt + ui

where Gi = 1 if village is in Hills and Gi = 0 if village is on the
Coast; Dt = 1 if year is 1997 and Dt = 0 if year is 1996. The
differences in differences estimate of the rainfall effect is the
OLS of β3.

23



Exercises and Questions around IV
Econ 140, Section 10

Jonathan Old



Roadmap

1. Recap: IV

2. Group work

3. IV Exam Exercise

4. Questions

1



Recap: IV



Recap: IV summary

We need the following three assumptions for IV to work:

1 Relevance: Z must truly affect X
2 Independence/Exogeneity: Z is as good as randomly

assigned
3 Exclusion Restriction: The only way that Z affects Y is via X.

2



How IV estimates can be different from OLS estimates

• OVB: If OLS had omitted variable bias, and our instrument
is valid, then the IV estimate should be different. We can
check whether this is plausible with the OVB formula

• Measurement error: If we have random measurement
error in the independent variable (X), then we can use IV
to overcome this. In that case, the IV coefŕcient will be
larger (in absolute value) than the OLS coefŕcient

• LATE: OLS gives us ATT + Selection Bias, while IV gives us
the treatment effect on the compliers (LATE). The ATT may
be different from LATE, even without selection bias.

• Invalid IV: Hard to determine what exactly is going on
• Sampling variation: This can just happen by chance

3



IV and controls

• There is a catch in IV: independence (exogeneity) and
exclusion restriction only need to hold conditionally

• This means: If we know C, we can control for it in the IV
regression, and the concerns go away

• But then, we have the old OLS problems again
• So we should only do this in cases where we really know

all the C’s.

4



Group work



Group work

Group 1: We are interested in the effect of being in the army on
crime. We instrument being in the army with a lottery
(paper)

Group 2: We are interested in the effect of income on conŖict. We
instrument income with rainfall (paper)

Group 3: We are interested in the effect of air pollution on
mortality. We instrument local air pollution with wind
direction (paper)

1 Relevance: Z must truly affect X
2 Independence/Exogeneity: Z is as good as randomly

assigned
3 Exclusion restriction: The only way that Z affects Y is via X

Your job: Discuss whether these assumptions hold!
5

https://www.aeaweb.org/articles?id=10.1257/app.3.2.119
https://www-journals-uchicago-edu.libproxy.berkeley.edu/doi/10.1086/421174
https://www.aeaweb.org/articles?id=10.1257/aer.20180279


IV Exam Exercise



IV Exam exercise i

The land of Econometrea consists of 34 islands. Each island
has their own university and students attend uni on their
home island. Students in Econometrea either have to attend
lectures in person or watch them online. Priyanka has obtained
data for the students from all the universities and would like
to study the effect of watching lectures online on the students’
exam scores. For each student she has the exam score (0 - 100,
70+ is a ŕrst, 40 and below a fail), which she uses as her left
hand side variable, the fraction of lectures watched online,
and how on how many days the student visited the library
each week. Priyanka obtains the following regression results:

6



IV Exam exercise ii
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IV Exam exercise iii

(a) What is the interpretation of the coefŕcient in column (1). If
this were a causal effect, would it be big or small? Explain
whether this estimate is likely to have a causal interpretation.
(b) Wei Min observes that some halls of residence are close to
the lecture rooms while others are further away and suggests
to use the distance of halls from lecture halls as an
instrumental variable for the fraction of lectures watched
online. Results are in column (2). Explain which assumptions
need to be satisŕed for the IV to deliver better causal
estimates than OLS here. Discuss the validity of the

8



IV Exam exercise iv

assumptions in this case.
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IV Exam exercise v

Solution

• Students who watch all lectures online, on average, have
around 4.9 fewer points on the exam than students who
went to all lecturs in person. This is a moderately strong
effect, but likely not causal (think of omitted variables,
such as student motivation)

10



IV Exam exercise vi

Solution

• Relevance: Proximity to lecture halls must correlate
strongly with lecture attendance. This is plausible from
our experience, and we could test this using an F-test.

• Independence/Exogeneity: Proximity must be as good as
randomly allocated. This might not hold here, for example,
if more motivated students live closer to campus.

• Exclusion restruction: Proximity to lecture halls only
inŖuences exam scores because it has an effect on lecture
attendance. This can be violated if proximity also affects
the probability to go and study in the library, or if
residence halls closer to campus are also closer to bars

11



IV Exam exercise vii

(c) Alma points out to Wei Min that students can pick which
hall they want to live in and that some halls are located in
Study Village, close to lecture halls and the library while others
are located further away in Party Town, surrounded by pubs.
How does this information affect your assessment of the IV
strategy?
(d) Manuel realises that the data also include a variable for the
number of times a student has checked into the library per
week. He suggests to rerun the instrumental variables
regression adding this variable as a control. Results for this
regression are displayed in column (3). Assess Manuel’s
strategy.

12



IV Exam exercise viii

Solution

• This would be a violation of independence/exogeneity:
The students who live closer to the campus are just
inherently different than students who live far away

• Library visits are a bad control: They are another outcome
of the instrument, and so controlling for them introduces
additional bias.

13



IV Exam exercise ix
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IV Exam exercise x

(e) Jenny notices that there are ŕve universities which assign
students to their halls of residence by a lottery. She suggests
to run the IV model from columns (2) and (3) for the subsample
of students from these universities only. Results are displayed
in columns (4) and (5). Assess Jenny’s regressions.
(f) Drawing on the results in the table above, what have you
learned from this exercise about the causal effect of watching
lectures online on students’ exam results?

15



IV Exam exercise xi

Solution

• For these universities, the distance is as good as randomly
assigned, and so we have no violations of the
independence/exogeneity restriction. However, the
exclusion restriction may still not hold.

• In a simply OLS regression, it may look as if watching
lectures online causes worse grades. However, we can
correct for this using a valid IV, and ŕnd that the effect is
only very small and statistically insigniŕcant.

16



Questions



From Diff in Diff to Panel Data
Econ 140, Section 11

Jonathan Old



Roadmap

1. Recap: DiD

2. Making DiD more general: Panel Data estimation

3. Practice question

1



Recap: DiD



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.

2
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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 α+ β α+ β + γ + δ

No Free Mental Health: Untreated α α+ γ

5



Any questions?

… Remember – Every question is useful!
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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?

6



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 ˪rms’ pro˪ts and the gender
of the ˪rms’ CEO, for a sample of 1,000 ˪rms over 20 years.

We can estimate this model with ˪rm and year ˪xed effects:

Pro˪tsit = β0 + β1Female CEOit + αi + δt + εit

How do we interpret β1?

The same way as in an OLS regression!

1 describes how having a female CEO is associated with
pro˪ts, holding constant all ˪rm-speci˪c factors that do not
change over time, and all time-speci˪c factors that affect all
˪rms equally. 1 is the effect within each ˪rm (and year!),
controlling for the ˪rm-speci˪c and year-speci˪c ˪xed effects.
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Interpreting FE regressions

Suppose we collect yearly data on ˪rms’ pro˪ts and the gender
of the ˪rms’ CEO, for a sample of 1,000 ˪rms over 20 years.

We can estimate this model with ˪rm and year ˪xed effects:

Pro˪tsit = 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
pro˪ts, holding constant all ˪rm-speci˪c factors that do not
change over time, and all time-speci˪c factors that affect all
˪rms equally. β1 is the effect within each ˪rm (and year!),
controlling for the ˪rm-speci˪c and year-speci˪c ˪xed effects.
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Visualization

See separate gif!
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Limitations of ˪xed 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 ˪xed
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-˪xed effects to account for any effect
coming from different countries having a different climate,
terrain, access to the sea, culture, etc. Are you satis˪ed
with this approach?

• We want to estimate the effect of education on wages and
think of using individual-level ˪xed effects. What can go
wrong?

11
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Any questions?

… Remember – Every question is useful!
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Practice question



Did Welfare Reform Increase Employment? In the 1990s, in an effort
known as ’Welfare Reform’ the United States implemented a series of
policies that aimed to reduce welfare dependency by incentivizing
work and raising the hassle of being on welfare. These reforms were
implemented at the state level between 1993 and 1997. In this
exercise, you will investigate whether welfare reform successfully
raised employment rates.

The ˪le welfare.csv contains information on individuals in the U.S.
between 1990 and 2005. The key variables are

• employed: dummy equal to one if individual is employed

• reform: dummy equal to one if the individual is living in a state
that has welfare reform in place in that year

• hsgrad: dummy equal to one if individual has a HS degree

• white: dummy equal to one if individual is white

• woman: dummy equal to one if individual identi˪es as a woman

• avg_bene˪t: the average welfare bene˪t (between 1990 and
2005) for a family of three in that individual’s state

12



Estimate a regression of (1) employed against reform (2)
employed against reform, hsgrad, white, and woman and
interpret the coef˪cient on reform in both regressions.

13



Suggest a variable that varies across states but plausibly varies
little-or not at all-over time and that could cause omitted
variable bias in regression (2).

Estimate regression (2) using state ˪xed effects. How does the
coef˪cient change? What does this suggest about the
ommitted variable bias in part (b)? Which omitted variables do
we account for with state FE?

Estimate regression (2) using time ˪xed effects. Interpret the
interpret the coef˪cient on reform. How does the coef˪cient
change? What does this suggest about the ommitted variable
bias in part (b)? Which omitted variables do we account for
with time FE?

14



Estimate regression (2) using time AND state ˪xed effects.
Interpret the interpret the coef˪cient on reform. How does the
coef˪cient change? What does this suggest about the
ommitted variable bias in part (b)? Which omitted variables do
we account for with state and time FE?

Which speci˪cation (no FE, state FE, time FE, or state + time FE)
is most credible and why?

15



See you on R!
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Semester Review, Questions, Exam Practice
Econ 140, Section 12

Jonathan Old



Roadmap

1. Regression Discontinuity

2. Broad topics for the exam

3. IV Exam Exercise

4. Other exam practice

1



Course evaluation

2



Regression Discontinuity



The world is full of arbitrary rules

• Students receive a scholarship if their GPA is above 3.0
• Children are allowed to start school if they are ŕve years

old before January 31 of that year
• Individuals are eligible for a microŕnance loan if they own

less than 0.5 acres of land
• Legislators are elected if they receive over 50% of the vote

This creates wonderful discontinuities in the data that we can
exploit for econometric analysis!

3



The most important rules of regression discontinuity

• The essence of RD is to compare people (units) just above
the cut-off to others just below

• Crucial assumptions: There are no jumps but our jump at
the jump // The effect of X (our running variable) and any
other variable C on Y (our outcome) is smooth around the
discontinuity

• Identifying assumption: In the absence of the ”treatment”
(which was allocated by a discontinuous rule), the
outcomes of the treated would have been essentially the
same as the outcomes of the untreated

• Limitations:
1 We only estimate a local effect!
2 There may be strategic behavior at the cutoff (example:

school district Oakland/Piedmont)
4



Oakland and Piedmont
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Implementing regression discontinuity designs

With a running variable X, an outcome Y, and a treatment D
allocated at the discontinuity, we estimate:

Yi = α+ f(Xi) + βDi + εi

• f(Xi) is a smooth function of the running variable - e.g.
just linear, or quadratic

• We could also estimate whether the slope changes at the
discontinuity

• We are eventually interested in β: Does the outcome
change at the discontinuity?

6



Broad topics for the exam



Introduction

• Interpreting regression tables
• p-values: How surprised we should be to observe the

world as it is if your hypothesis about how it works were
true?

• Omitted variable bias
• Interpretation of control variables and their role
• Interaction terms (dummy or continuous) –

dummyXdummy: get means for every group
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Instrumental variables

• Calculation
• Three assumptions: Relevance, Independence

(Exogeneity), Exclusion restriction
• Think of three regressions: First stage, reduced form,

”target regression” (Second stage)
• Connection to RCTs (imperfect compliance)
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Differences in Differences

• Parallel trends assumption
• Calculate with tables
• Calculate using regression tables
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Panel Data and Fixed effects

• Fixed effects: Calculation
• Useful way to think about it: We add a lot of controls, but

key problem remains (time-varying confounders: Things
that change over time that affect different units
differently, e.g.: climate change ...)

• Connection of two-way ŕxed effects with DiD

10



Regression Discontinuities

• ”No jump but our jump at the jump”
• Fuzzy DiD is just IV

11



General and overarching concepts

• Comparison of OLS and other estimates: What changed
and why? (Hint: Always go back to OVB)

• Be creative but also clear: Most thinking questions can be
solved with reasonable economic intuition, your
knowledge of the world, and what you learned on the
course.

• Keep in mind the big picture: We are just trying to ŕnd a
valid counterfactual, to estimate causal effects!

12



IV Exam Exercise



IV Exam exercise i

The land of Econometrea consists of 34 islands. Each island
has their own university and students attend uni on their
home island. Students in Econometrea either have to attend
lectures in person or watch them online. Priyanka has obtained
data for the students from all the universities and would like
to study the effect of watching lectures online on the students’
exam scores. For each student she has the exam score (0 - 100,
70+ is a ŕrst, 40 and below a fail), which she uses as her left
hand side variable, the fraction of lectures watched online,
and how on how many days the student visited the library
each week. Priyanka obtains the following regression results:
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IV Exam exercise ii
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IV Exam exercise iii

(a) What is the interpretation of the coefŕcient in column (1). If
this were a causal effect, would it be big or small? Explain
whether this estimate is likely to have a causal interpretation.
(b) Your friend realizes that you also have data from before
Covid, when all students had to attend all lectures in person.
She suggests to construct a panel dataset and to run a
regression and to include time and individual ŕxed effects.
What assumption would be required for this regression to
deliver a causal effect?
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IV Exam exercise iv

Solution

• Students who watch all lectures online, on average, have
around 4.9 fewer points on the exam than students who
went to all lecturs in person. This is a moderately strong
effect, but likely not causal (think of omitted variables,
such as student motivation)
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IV Exam exercise v

Solution

• For this to work, we need the parallel assumption to hold:
In the absence of Covid and the introduction of the online
policy, individuals with more online attendance would
have had the same change in exam scores as individuals
with less online attendance.
In this case, this might not be very plausible, because
Covid probably affected individuals who are likely to stay
at home differently than individuals who attend class in
person.
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IV Exam exercise vi

(c) Wei Min observes that some halls of residence are close to the
lecture rooms while others are further away and suggests to use the
distance of halls from lecture halls as an instrumental variable for
the fraction of lectures watched online. Results are in column (2).
Explain which assumptions need to be satisŕed for the IV to deliver
better causal estimates than OLS here. Discuss the validity of the
assumptions in this case.
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IV Exam exercise vii

19



IV Exam exercise viii

Solution

• Relevance: Proximity to lecture halls must correlate strongly
with lecture attendance. This is plausible from our experience,
and we could test this using an F-test.

• Independence/Exogeneity: Proximity must be as good as
randomly allocated. This might not hold here, for example, if
more motivated students live closer to campus.

• Exclusion restruction: Proximity to lecture halls only inŖuences
exam scores because it has an effect on lecture attendance.
This can be violated if proximity also affects the probability to
go and study in the library, or if residence halls closer to
campus are also closer to bars
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IV Exam exercise ix

(d) Alma points out to Wei Min that students can pick which hall they
want to live in and that some halls are located in Study Village, close
to lecture halls and the library while others are located further away
in Party Town, surrounded by pubs. How does this information affect
your assessment of the IV strategy?
(e) Manuel realises that the data also include a variable for the
number of times a student has checked into the library per week. He
suggests to rerun the instrumental variables regression adding this
variable as a control. Results for this regression are displayed in
column (3). Assess Manuel’s strategy.

21



IV Exam exercise x

Solution

• This would be a violation of independence/exogeneity: The
students who live closer to the campus are just inherently
different than students who live far away

• Library visits are a bad control: They are another outcome of
the instrument, and so controlling for them introduces
additional bias.

22



IV Exam exercise xi
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IV Exam exercise xii

(f) Jenny notices that there are ŕve universities which assign
students to their halls of residence by a lottery. She suggests to run
the IV model from columns (2) and (3) for the subsample of students
from these universities only. Results are displayed in columns (4)
and (5). Assess Jenny’s regressions.
(g) Drawing on the results in the table above, what have you learned
from this exercise about the causal effect of watching lectures online
on students’ exam results?
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IV Exam exercise xiii

Solution

• For these universities, the distance is as good as randomly
assigned, and so we have no violations of the
independence/exogeneity restriction. However, the exclusion
restriction may still not hold.

• In a simply OLS regression, it may look as if watching lectures
online causes worse grades. However, we can correct for this
using a valid IV, and ŕnd that the effect is only very small and
statistically insigniŕcant.
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Other exam practice



RDD question
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DiD question
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