Welcome to Mastering Metrics!
Econ 140, Section 1

Jonathan Old



1. Getting Started & Housekeeping
2. Time for your questions
3. Econ 140: The Big Picture

4. Correlation and Causation



Getting Started & Housekeeping



Introduce yourself ...

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



Housekeeping
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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

- | 'am your learning companion. | see grades as feedback,
not as an evaluation of your abilities or personality.



What your peers advise!

What advice would you give to another student who is considering taking this course?

Comments

Attend every section, they make the course mare engaging and easier to comprehand

Review and asking a lot of guestions. going to outside help ESLC]
Go to class and pay attention and you should be okay.

Be active in sessions. Cooeerate with others.
it

What advice would you give to another student who is considering taking this course?
Just choose Jonathan's saction!
Ask quastions and try your best nat fo fall hehind because it often compaunds!
tay ontep of vour work, This class is net gne whers vau can skip lectures and e watarial i = xams. Aftend lectures
and sections in person gven if hings aren't making senge.

Mzke sure you attend lectures, and definitely make sure you attend discussion sections — but also take advantage of the recordings
ta go over and cement the concepis and materials ahead of the exams,

Take it with JOMATHAN
pick a good GEI
“ou should have seme programming skills, even if its the slightest knowledge of R ar Pythen. I helps.
Pay attenticn in lecturefreview the recordings if needed and go 1o section.
case ask questions, no matter how simple the guestion may be.
Do the section handouts If you have tme.

Allens sections, Approach G515 and Pralessors if needed. Do assignments an ime and start reviewing 2arly.
e == i




What your peers advise (2)!

What advice would you give to another student who is considering taking this course?

Goto office hours and create sLud! groups!

Take advantage of GSI resources!
Don't fall behind lecture content

What advice would you give to another student who is considering taking this course?

Golo section and read the fexthook!

Go to section!
Take it with this G5!




What your peers critiqued!

Please identify area(s) where you think the course could be improved.

Sometimes | felt like in discussion fopics were simplified a litle too much compared to how they were descroed in lecture. | felt lke
ectures would be mare complex anc Farder o m%ers‘ana WhilE Siscussion sometimes seems like | was learning comman
sense. Mow, this could have been a result of my GSI's |'1c:red|b|e teachmg slyle (smce he was amazing at explamlng concenis
cleary and answering questions) but | just wanted to be g 1 | WL an ! 2 U =
Mo impravements necessary.

The tone could be a little bit faster mayoe

I think it eculd be beneficial to all students |f§ccnon Was mace DEIIDI]?JL Whan the students who don't have much interast in section
show up, It brings down the morale and energy of the whole reom. | fell bad because Jenathan would put in a good amaunt of

enargy Into his sections and It often wasn't reciprocated
Begelded discussion seclions.
Mothing, JOMATHAN 15 THE BEST

Thizs class felt very conceptual, or at least lectures. | think baving mon
kncaw the worksheels ware inlendad for that bul | think the worksheels ware somelimes vary dcnse and |wouldin'l ba abla Lo linish

them.

Somatimes fhe matarial was a bit boring/dry.
Ualpading slides ahead of fime.

Perhaps more section assignment explanaticn time




What your peers critiqued (2)!

Please identify area(s) where you think the course could be improved.

A
Grammer was unclear sometimes.

Could be potentially more engaging. but good practice is most important and this is not a huge issue.

A

Please identify area(s) where you think the course could be improved.

I really liked it when summary slides whare made. Like before the midterm, keep up with more of that.

JRle JeCalse NS CONCeRis Are S0 08
The main weakness is gometimes th rigl wa wht different to how it wag in lecture or we coverad material in a different
way than what the instructar would want fram us from the midterm and final.

Release section assignments earlier.




Your questions




Any questions?

... Remember - this is a safe space! Every
question is useful!



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


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?

Over the past 60 years, more

spending on police hasn’t The lnaﬁhingtuu JPost

meant less crime

niuftivaly, cne rright worry that recucing polics apending would legd to @ spike In
crme. Araview of spanding on state ard loos! podoe over the past B0 years,
thaugh, shows no coTalation netionslly betwaen epending and crme rates.

1880, abour 52 billon was ssent by siate and local govermmerids on pelics
Thare ware aboud 1,887 crones per 100,000 &mericans, inchsding 161 wolent
crimas, By 1880, spendng fad increased to $14.8 bilian — and mima rates had

sexared fe 5!

and 547 wiclenl crimes. Over e

el b g 2 dien Lo sbaul 4,120

100,000 peeple and SO7 il

sirives, Spending sphed o o San 387 billion.
Eightesn years laler — by 2078, e mesl rmoent year foc which Tl data e
avallable — crime rates had tallen turther Lo 2,560 crimes per 100,000, neuding
381 vialent crimes,

Figure 1: Police spending and Crime (Source)


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

Dissecting Bad Causal Claims I

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

Three's a crowd: Having more than 2 kids
linked to weaker brain function

-'?ﬂﬂ'ﬁiff':iﬁﬁfﬁ'ﬁ'ﬁ AIN

% K =

NEW YORK — Iverything in moderation — even kids? Researchers from Columbia
University and Université Paris-Dauphine report having more than two kids may have a
negative impact on late-life cognition. The study shows that older parents with just two
children appeared sharper cognitively than those with three,

Figure 2: Number of Children and Cognitive Function(Source)


https://studyfinds.org/too-many-kids-harmful-brain/ 

Dissecting Bad Causal Claims Il

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

Can hot baths protect your heart? - Harvard
Health

News briefs

Taking a warnm bath helps soothe aching joints, wash away stress, and pramate sleep. Mow, 3
study published onling March 24, 2020, by the journal Head sugauests thal daily hol balhs ore
also agsucialed with beller hearl heallh, Ressarchens aoalyoes selloeporied heallh and lifssiyhe
information from more than 30,000 middle-aged people in Japan. Participants responded to a
questionnaire at the sterl of the study and were then followed for about 20 years. Compared
with pacgle who didr't teke a twb bath more than twice 8 week. peopla who took a daily warm or
hat bath had a 28% lower risk of cardicvascular dissase and a 26% lower sk of stroke. The
swidy i only obesrvational and dossn’t prove that daily b bathing staves off hear probiema.

But previous research has shown that the effects

4 uby bathing on the pody are similar to hose

I= alzn tied o audden death

orhaating. Finally, this study says nothing about the pozsible

cardiovascular benefils of hot showers,

Figure 3: Hot baths and health (Source) "


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?

The Few York Elnwes

Another Benefit to Going to Museums?
You May Live Longer

in Britain found that peaple wha go tn museorns, the

Figure 4: Museums and longevity (Source) 1


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

Dissecting Bad Causal Claims IV

T USED T THINK, THEN T TOOK SOUNDS LKE THE
CORRELATION mpuco ECON 140. cmss HELPED.
CAVSATION. Now T DON'T: WELL, mmee

0% 15929

Figure 5: Correlation and causation

12



Quiz Time!

We have seen that

“Correlation Does Not Imply Causation”
What about:

“No Correlation Implies No Causation”?

12



Counterfactuals, Clones, and Cool Regression
Stuff

Econ 140, Section 2

Jonathan Old



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



Any questions?

... Remember - Every question is useful!



Selection bias



How to think about Selection Bias

Reverse Causality

—

I:ffecl: of interest

'/

Confounder /
Omitted Variable

Figure 1: Selection bias



Dissecting Bad Causal Claims Il

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

The Few York Elnwes

Another Benefit to Going to Museums?
You May Live Longer

in Britain found that peaple wha go tn museorns, the

Figure 2: Museums and longevity (Source)


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



Potential outcomes: Notation

We write the potential outcomes as:

Yo = Outcome of individual i with "status” 0} Counterfactual

Yy = Outcome of individual i with "status” 1 Outcomes

Alternative way of writing it: Y;(0) and Y;(1)



Potential outcomes: Notation

We write the potential outcomes as:

Yo = Outcome of individual i with "status” 0} Counterfactual

Yy = Outcome of individual i with "status” 1 Outcomes

Alternative way of writing it: Y;(0) and Y;(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)



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 [Scorejq | IPad; = 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 [Scorej; | iPad; = 0] gives the potental outcome of

the same group (that currently have no iPad), in the
"parallel universe” where they do have an iPad.



Estimating the effect of iPads on grades

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

A = E[Grade;|iPad; = 1] — E[Gradej|iPad; = 0]

= E[Grade;(1)|iPad; = 1]—E[Grade;(0)|iPad; =1] +
E[Grade;(0)|iPad; = 1] — E[Grade;(0)|iPad; = 0]

— E[Grade;(1) — Grade;(0)|iPad; = 1] +
E[Grade;(0)|iPad; = 1] — E[Grade;(0)|iPad; = 0]
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Estimating the effect of iPads on grades

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

A = E[Grade;|iPad; = 1] — E[Gradej|iPad; = 0]

= E[Grade;(1)|iPad; = 1]—E[Grade;(0)|iPad; =1] +
E[Grade;(0)|iPad; = 1] — E[Grade;(0)|iPad; = 0]

= E[Grade;(1) — Grade;(0)|iPad; =1] +
E[Grade;(0)|iPad; = 1] — E[Grade;(0)|iPad; = 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.



Selection Bias revisited

Reverse Causality

—

I:ffecl: of interest

'/

Confounder /
Omitted Variable

Figure 3: Selection bias



RCTs




RCTs solve selection bias

We had:

A = E[Grade;(1) — Grade;(0)|iPad; =1] +
E[Grade;j(0)|iPad; = 1] — E[Grade;(0)|iPad; = 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:

iPad; L (Grade;j(1), Grade;(0))
= E[Grade;(0)|iPad; = 1] = E[Grade;(0)|iPad; = 0]

and selection bias will be zero.



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)

10
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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)
10



RCTs have revolutionized economics

SLANTT MONEY

The Tuesday Podcast: Poor Economics

i 72011 TR PMET

© 25MinutoListen aamooo

Figure 4: Abhijeet Banerjee and Ester Duflo. (Source) -


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)

13
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We need a few ingredients:

- Random variables: Qur estimator is a random variable
(randomly drawn from population)

- Standard error: Random variables have a standard
deviation, estimators have standard errors. This quantifies
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.
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Hypothesis testing

We need a few ingredients:

- Random variables: Qur estimator is a random variable
(randomly drawn from population)

- Standard error: Random variables have a standard
deviation, estimators have standard errors. This quantifies
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! 13
Otherwice: Fail to reiect



It's all connected

Maore likely cbservation

\

P-value

Very un-likely
observations

Very un-likely
observations

Observed

data point\

Set of possible results

Probability density

1
<

1
>

A p-value (shaded green area) is the probability of an observed
(or more extreme) result assuming that the null hypothesis is true.

14



Regression in Action: Bias, squares, and
measurement error

Econ 140, Section 3

Jonathan Old



1. Regression
2. Recap

3. Selection bias in action: Omitted Variable Bias

4. Measurement Error



Any questions?

... Remember - Every question is useful!



Regression



Regression: Basics, Interpretation, Quadratic Terms

See in Datahub



Recap



Recap: Selection bias

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

Causal Effect

+

v e, =1 1
N T
= AT = Seleeto Ligz

. .
il milss 2 milioul daw e il
s BRI it AFey REH e Dacks, ey we. 3 ha

[t mal g
i

- 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



Recap: How to think about Selection Bias

Reverse Causality

—

I:ffecl: of interest

'/

Confounder /
Omitted Variable

Figure 1: Selection bias



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 Y;
be the outcome variable, X; our regressor of interest, and Z; the
"omitted” variable.
[Long regression] Y; = ¢+ B.X + 0Z; + e;
[Short regression] Y = ¢; + BsX; + u;
[Auxiliary regression] Z; = c3 + X +V;

Then, the Omitted variable bias formula states that:

Bs = pB. + )
~— =~ ~ =~
Short = Long + Omitted x Included
We call 4+ the omitted variable bias. We can appraise the
direction of the bias by multiplying our guesses for the signs of
0 and . 5



Wait a minute!

We saw that the OLS coefficient in the short regression is:

o = + o7y

~— ~—
Actual effect  Omitted variable bias

This looks awfully much like:

Estimating the effect of iPads on grades

Leel us slarl with & diference-in-maans comparison:

A= FlGrade;|iPad; = 1] — E]Grade, [iPad; = 0]

— FlGrade;(1)|iPad; — 1]—F[Grade;(D)]iPad; = 1]
£lGrade, (0)|iFad, = 1] — E[Grads(0)|iPad, = 0]

= E|Grade;(7) — Grade;(0)[iPad; =1] 1
£lGrade (0])|iPad; = 1] — E[Grads;(0)|iPad, = 0]
— ATT + Selection hias
Selection hias: Students with and without iPad have different

potential arades: even if they both had iPads, they would be 6
different.



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.



Any questions?

... Remember - Every question is useful!



Measurement Error




Measurement Error

See on Blackboard and in RStudio.



More regressions stuff!
Econ 140, Section 4

Jonathan Old



1. Omitted Variable Bias
2. Bad Controls
3. Quadratic Terms

4. Interaction terms



Any questions?

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



Omitted Variable Bias



Recap: OVB (Very important!)

We can summarize everything of OVB in three equations. Let Y;
be the outcome variable, X; our regressor of interest, and Z; the
"omitted” variable.
[Long regression] Y; = ¢+ B.X + 0Z; + e;
[Short regression] Y = ¢; + BsX; + U;
[Auxiliary regression] Z; = c3 + X +v;

Then, the Omitted variable bias formula states that:

Bs = [ + 1)
~— =~ ~ =~
Short = Long + Omitted x Included
We call 4+ the omitted variable bias. We can appraise the
direction of the bias by multiplying our guesses for the signs of
d and ~. If either 6 = 0 or v = 0, then OVB is zero! 2



Regression: Basics, Interpretation, Quadratic Terms

See in Datahub: OVB example, OVB visualized


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


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 . ..

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



Mathematically, good and bad controls are the
same thing.
We need to use our <« to distinguish them!



Quadratic Terms




Making OLS more interesting

- We can extend the simple OLS framework
Yi=Bo+ B Xi+ e
to something richer:
Yi = Bo+ BiXi + BoX? + e

- All questions of the type "how is Y; expected to change if
we change X;”, Reeping all other variables in the regression
fixed can be solved with partial derivatives - in this case:

avi _
oX;



Making OLS more interesting

- We can extend the simple OLS framework
Yi=Bo+ B Xi+ e

to something richer:
Yi = Bo+ BiXi + BoX7 + €

- All questions of the type "how is Y; expected to change if
we change X;”, Reeping all other variables in the regression
fixed can be solved with partial derivatives - in this case:

Y,

% =Bt B X



Example for Quadratic Terms

Let's see how to use quadratic terms on Datahub


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 = Bo + BiXqi + BoXy + €

where Y; is a country’s GDP per capita, X;; the value of its
natural resources, and X,; a measure of how democratic it is.

1. How do we interpret 3;?
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Interaction terms: Making OLS more interesting

Let us consider the model
Yi = Bo + BiXqi + BoXy + €

where Y; is a country’s GDP per capita, X;; the value of its
natural resources, and X,; a measure of how democratic it is.

1. How do we interpret 3;?
Keeping democracy fixed, 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 3,7
Keeping natural resources fixed, increasing a country’s
democracy score by one unit is associated with 3, higher
GDP per capita.
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Interaction Terms (ii)

Now, let us extend the model to:

Yi = Bo + BiXqj + BaXyi + B3XqiXy + €

1. What is the "effect” of X;; on Y;? 81 + 33Xy;

2. How do we interpret 3?7 The effect of an additional unit
of X;;

3. How do we interpret /3,7 The effect of an additional unit
of Xy;

4. How do we interpret 34 + 63? The effect of an additional
unit of X;;



Interactions with only dummy variables

- Take any two binary variables, for example: Studies at UC
Berkeley or not (UCB;), and is from California or not (Cali;).
- The regression with interactions looks like this:
Yi= Bo + 51 UCBi+ B, Calij+ B3 UCB; x Calij
~— =~ ~~ ~—
17.77 2.28 0.95 —0.97
- We can write this in a table, and get all group averages

Cali=1 Cali=0
UCB=1 Bo+Bi+ 5+ 05s Bo + B

=17.77+2.28+095-097 =17.77 + 2.28
UCB=0 0Go+ 5 Bo

=17.77 + 0.95 =17.77

- Take differences between cells to get different effects!



Getting fit for the Midterm!
Econ 140, Section 5

Jonathan Old



1. Quadratic Terms
2. Interaction terms
3. Exam practice

4. Logs

5. Topics we've glossed over so far



Any questions?

... Time for Midterm-related questions!



Quadratic Terms



Making OLS more interesting

- We can extend the simple OLS framework
Yi=Bo+ B Xi+ e
to something richer:
Yi = Bo + BiXi + BoX} + e

- All questions of the type "how is Y; expected to change if
we change X;”, Reeping all other variables in the regression
fixed can be solved with partial derivatives - in this case:
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Making OLS more interesting

- We can extend the simple OLS framework
Yi=Bo+ B Xi+ e

to something richer:
Yi = Bo+ BiXi + BoXF + €

- All questions of the type "how is Y; expected to change if
we change X;”, Reeping all other variables in the regression
fixed can be solved with partial derivatives - in this case:

Y,

% =Bt B X
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Interaction Terms (ii)

Now, let us extend the model to:

Yi = Bo + BiXaj + BaXyi + B3XqiXy + €

1. What is the "effect” of X;; on Y;? 81 + 33Xy;

2. How do we interpret 3,7 The effect of an additional unit
of X;;

3. How do we interpret 3,7 The effect of an additional unit
of Xy;

4. How do we interpret 34 + 63? The effect of an additional
unit of X;;



Interactions with only dummy variables

- Take any two binary variables, for example: Studies at UC
Berkeley or not (UCB;), and is from California or not (Cali;).
- The regression with interactions looks like this:
Yi= Bo + B UCBi+ B, Calij+ B3 UCB; x Calij
~— =~ ~~ ~—
17.77 2.28 0.95 —0.97
- We can write this in a table, and get all group averages

Cali=1 Cali=0
UCB=1 Bo+Bi+5+05s Bo + B

=17.77+2.28+095-097 =17.77 + 2.28
UCB=0 0Go+ Bo

=17.77 + 0.95 =17.77

- Take differences between cells to get different effects!



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
fine 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 E;, 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, Depression;, 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 D; as the dependent variable, you obtain the following
results:



Practice exam question: 1a)

Dependent variable: Depression ;

Regressor @) (2) 3)
Exposure ; 0.834 0.614 0.554
(0.032) (0.045) (0.042)
Exposure jx Female ; 0.065
(0.024)
Female ; —0.739 —0.825
(0.036) (0.066)
Age; 0.452
(0.132)
Age? 0.524
(0.121)

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



Pratice Exam question: 1a)

a) Interpreting the coefficient 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?



(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
significant at the 5% level. 9



Pratice Exam question: 1b)

b) Interpret column (2) of the regression table

i. A colleague notes the the coefficient on Female; is
significant, and states: "The effect of being female on
depression is significantly 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?

10



(Detailed) Suggested Answer: 1b)

i. It is difficult to make such interpretations when interaction terms are
involved. Taking partial derivatives, the "effect” of being female is:
%@Sjgﬁ — 0.739 + 0.065 - Exposure;
We can do inference (and test significance) at Exposure; = 0 (just looking at
the coefficient for female, —0.739 is significant). We can also do it for any
other level of exposure, but for that we also need to take the other
coefficient 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
significant here!

ii. Taking partial derivatives, the "effect” of pollution exposure is:
9DEPIEssION; 2 5151k -+ 0065 Female:

OExposure;

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 signficantly larger

than for men, because the coefficient on the interaction term is significantly

different from zero.

n



Logs




Notes on logarithms

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

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

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

12



Notes on logarithms

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

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

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

- But | will make your life easier with a cheat sheet.

12



Logs: Cheatsheet

is associated

Model LHS RHS A ihbaynge n with a change

inyby...
Level-Level y X 1T unit 537 units
Level-Log y log(x) 1% £1/100 units
Log-Level log(y) X 1 unit 100561 %
Log-Log log(y) log(x) 1% 1%

If you want to get a bonus star from me, write "approximately”
in log-interpretations.

13



Topics we've glossed over so far




Any questions?

... Time for Midterm-related questions!

13



What if the outcome variable is binary (a dummy variable)?

Let's run the regression
Defaulted; = a + BCredit Score; + e;

where Defaulted; is equal to 1 if individual i has ever defaulted
on a loan (mortgage, credit card, auto loan, etc.), and
Credit Score; 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 &=0.1. How do you interpret
this? Does this number make sense here?
2. Your estimate for 3 is 3 = 0.001. Interpret.

14
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Measurement error

See how it works visualized here.

Measurement error iny is not a problem! See here.

15


https://jonathanold.github.io/images/measurement_error.gif
https://jonathanold.github.io/images/measurement_error_y.gif

Hypothesis testing mini-cheatsheet

N

LA > 1.96

SE(S)

& | t-stat| > 1.96
& p-value < 0.05
< 0¢Cl

If you are testing the null hypothesis Hy: 3 = 0 (against the
alternative hypothesis Ho: 3 # 0), then all of these are -
eauivalent and vou can use anv of these.




The power of RCTs — Teacher Performance Pay
in India

Econ 140, Section 6

Jonathan Old



1. OVB, Bad Controls
2. Omitted Variable Bias
3. Recap: RCTs

4. Exam review



Any comments about the midterm?



OVB, Bad Controls




Omitted Variable Bias




Recap: OVB (Very important!)

We can summarize everything of OVB in three equations. Let Y;
be the outcome variable, X; our regressor of interest, and Z; the
"omitted” variable.
[Long regression] Y; = ¢q + BuX; + AZi + .G + ¢
[Short regression]  Y; = ¢; + BsX; +sCi + u;
[Auxiliary regression] Z; = ¢35 + 7X; + G + v;

Then, the Omitted variable bias formula states that:

Bs = B + A

~—~ ~—~ ~—~ ~—
Short = Long+  Omitted x Included

We call A= the omitted variable bias. We can appraise the
direction of the bias by multiplying our guesses for the signs of
A and 7. If either A = 0 or = = 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

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



Recap: RCTs




- In RCTs, the treatment is randomly assigned: So it is, by
definition, 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



Balance table

TABLE 2
SAMPLE BALANCE ACROSS TREATMENTS
feVulue
Ciroup Tndiviclual (Tapualivy of
Conrral Incearive Incenrive All Groupsy
1) (21 3 [GH]
A Means ol Bascline Vagiables
Schoolklevel varables:
L. Total carollment (bascline: grades
1-hy 1152 1115 1124 s
@ Total tesr takers (haseline: grades
Ei] 1,4 Li=R1] L] ]
A Number ol leachiers BO7 N Rt
4. Pupil-reacher vatio b Hih GG
S Inlrasuwaciure index (0-6) 319 314 1
6. Prosimity 1o fuc e (8-24) 14.65 14.66 et
Taseline cest performanae:
7. Math (raw %) 18,6 Lt 173 i
A Ml (nonmalieed: in ST a2 K AE2 T
0. Telugn (raw % 5.1 44 335 5%
100 Telugu {nocmalized; in SD) L] A1 RG] B4

- 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?



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 significance (significant or insignificant, 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
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2. Introduction to Instrumental Variables
3. IV Conditions
4.1V Summary

5. Group work



Any questions?

... Remember - Every question is useful!



(Group) data projects



Your time for questions

| prepared a document that can help you find data if you are
lost. See it here.

The first deadline is this Friday.

Group work encouraged!


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

Introduction to Instrumental
Variables



Recap: Omitted Variable Bias

X—Y

I
C

Confounder /
Omitted Variable



Instrumental variables: The setup

4 - X Y

Instrumental variable I

C

Confounder /
Omitted Variable




Recap: IV "rescales” the effect

Instrumental variable

A simple example:

- We want to know the effect of chocolate (X) on happiness
(Y), using a randomized voucher as instrument (2).

- We find: people with voucher were 3 points more happy
(6 = 3), and ate 0.5 more chocolates (y = 0.5).

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



Recap: IV "rescales” the effect

Instrumental variable

A simple example:

- We want to know the effect of chocolate (X) on happiness
(Y), using a randomized voucher as instrument (2).

- We find: people with voucher were 3 points more happy
(6 = 3), and ate 0.5 more chocolates (y = 0.5).

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

B=0/y=3/05=6.



Calculating the IV coefficient

What is the effect of eating chocolate (D) on happiness (Y).
- Why not estimate: Y; = a + 8D; + &;?
Randomly give voucher to buy chocolate at 90% discount (Z).
- Why not estimate: Y; = a + 8Z; + &7
Let us set up some regressions:
Regression of interest: Y; = a + 3D, + e;
First stage: D; = aq + vZ; + U;
Reduced Form: Y, = ay + 0Z; +v;
Plug in regression of interest: Y; = a + B(aq + v - Zj + U;) + €;

Get back reduced form: = (a+ Bar) +(B7)Zi + (Bu; + €j)
a3 i

Soweseethat d=py& B=70/y 6



Interpretation of the IV coefficient

- How do we interpret ~ ?



Interpretation of the IV coefficient

- How do we interpret v ? The average difference in
chocolate consumption between those who got a voucher
and those who didn't
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Interpretation of the IV coefficient

- How do we interpret v ? 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



Interpretation of the IV coefficient

- How do we interpret v ? 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

_ v _ EilZi=1-E[Yi[Z=0]
ﬁ_g_E[Dl|zi:1]_E[Di’Zi:O]




IV gives us the treatment effect for the compliers

Potential outcomes! Does not get voucher (Z=0)
{unobserved)

Does not eat

£ats chocolate (D=1) chocolate (D=0)

-

1l

] Always-takers:

& Eats chocolate C i

S (D=1) E(D |Z=1)=E(D|Z=0)=1 ompliers

3 = E(Y|Z=1)=E(Y| Z=0)

=

E Does not eat Never-takers:

O chocolate Defiers E(D| Z=1)=E(D | 2=0)=0

(D=0) = E(Y|Z=1)=E(Y|Z=0)




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

V4 X Y

Instrumental variable




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

I l
C—*—Z——X——Y

Instrumental variable

10



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!

7Z——X——Y

Exclusion l

|
|x=Cx

n



IV Summary




IV summary

We need the following three assumptions for IV to work:

Relevance: Z must truly affect X

Independence/Exogeneity: Z is as good as randomly
assigned

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

| [ -a Jl
C }¥—os Z YEs X Biv Y
‘l

Y

Independence
Exclusion I

¥—— (C —x%

SRF'
v =—"

Yrs

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 coefficient will be
larger (in absolute value) than the OLS coefficient

- 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 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 conflict. 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)

Relevance: Z must truly affect X

Independence/Exogeneity: Z is as good as randomly
assigned

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



1. (Group) data projects

2. Introduction to Instrumental Variables
3. IV Summary

4. Rainfall IV

5. Group work



Any questions?

... Remember - Every question is useful!



(Group) data projects



Your time for questions

| prepared a document that can help you find data if you are
lost. See it here.

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


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

Introduction to Instrumental
Variables



Recap: Omitted Variable Bias

X—Y

I
C

Confounder /
Omitted Variable



Instrumental variables: The setup

4 - X Y

Instrumental variable I

C

Confounder /
Omitted Variable




Recap: IV "rescales” the effect

Instrumental variable

A simple example:

- We want to know the effect of chocolate (X) on happiness
(Y), using a randomized voucher as instrument (2).

- We find: people with voucher were 3 points more happy
(6 = 3), and ate 0.5 more chocolates (y = 0.5).

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



Recap: IV "rescales” the effect

Instrumental variable

A simple example:

- We want to know the effect of chocolate (X) on happiness
(Y), using a randomized voucher as instrument (2).

- We find: people with voucher were 3 points more happy
(6 = 3), and ate 0.5 more chocolates (y = 0.5).

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

B=0/y=3/05=6.



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


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 coefficient

What is the effect of eating chocolate (D) on happiness (Y).
- Why not estimate: Y; = a + 8D; + &;?
Randomly give voucher to buy chocolate at 90% discount (Z).
- Why not estimate: Y; = a + 8Z; + &7
Let us set up some regressions:
Regression of interest: Y; = a + 3D, + e;
First stage: D; = aq + vZ; + U;
Reduced Form: Y, = ay + 0Z; +v;
Plug in regression of interest: Y; = a + B(aq + v - Zj + U;) + €;

Get back reduced form: = (a+ Bar) +(B7)Zi + (Bu; + €j)
a3 i

Soweseethat d=py& B=70/y 7



IV gives us the treatment effect for the compliers

Potential outcomes! Does not get voucher (Z=0)
{unobserved)

Does not eat

£ats chocolate (D=1) chocolate (D=0)

-

1l

] Always-takers:

& Eats chocolate C i

S (D=1) E(D |Z=1)=E(D|Z=0)=1 ompliers

3 = E(Y|Z=1)=E(Y| Z=0)

=

E Does not eat Never-takers:

O chocolate Defiers E(D| Z=1)=E(D | 2=0)=0

(D=0) = E(Y|Z=1)=E(Y|Z=0)




IV Summary




IV summary

We need the following three assumptions for IV to work:

Relevance: Z must truly affect X

Independence/Exogeneity: Z is as good as randomly
assigned

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

... Remember - Every question is useful!



Rainfall IV
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Variables Approach
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There is a growing body of rescarch that highlights the association
between economic conditions and civil conflict (see Sambanis [2001]
[or a review). However, the existing literature does not adequately ad-
dress the endogeneity of economic variables to civil war and thus does
not convincingly establish a causal relationship. In addition to endo-
geneily, omitied variables—for example, government institutional qual-
ityY—may drive both cconomic outcomes and conflict, producing mis-
leading crosscountry estimates.

n



Relevance

In this paper we use exogenous variation in rainfall as an instrumental
variable for income growth in order to estimate the impact of economic
growth on civil conflict.’ Weather shocks are plausible instruments for
growth in gross domestic product in economies that largely rely on rain-
fed agriculture, that is, neither have extensive irrigation systems nor are
heavily industrialized. The instrumental variable method makes it cred-
ible to assert that the association between economic conditions and civil
war is a causal relationship rather than simply a correlation, As such,

Sub-Saharan Africa is the ideal region for this identification strategy:
the World Development Indicator database indicates that only 1 percent
of cropland is irrigated in the median African country, and the agri-
cultural sector remains large. We find that weather shocks are in fact
closely related to income growth in sub-Saharan Africa (in the first-stage
regression). However, our identification strategy is inappropriate for
other regions of the world, since weather is not sufficiently closcly linked
to income growth.” Although the analysis is not global, it is likely to be
of exceptional interest from both the research and policy perspectives,
since the incidence of civil wars in Africa is high and has increased in

12
the past two decades.



Exclusion

[ollowing year. We attempt to rule out other channels through which
rainfall may affect conflict. Surprisingly, the impact of growth shocks
on conflict is not significantly different in richer, more democralic, or
more ethnically diverse countries,

13



Exclusion

While it is intuitively plausible that the rainfall instruments are exoge-
nous, they must also satisly the exclusion restriction: weather shocks
should affect civil conflict only through economic growth. ITn the In-
troduction above, we acknowledge the possibility that economic chan-
nels other than per capita economic growth per se (i.e., income in-
equality or rural poverty rates) may be key underlying causes of civil
conflict in the aftermath of adverse rainfall shocks; unfortunately we do
not have reliable cross-country data on these other intermediate chan-
nels. There are, however, central government budget figures for ap-



Exclusion

A more serious violation of the exclusion restriction is the possibility
that high levels of rainfall might directly affect civil conflict indepen-
denily of economic conditions. For instance, floods may destroy the
road nctwork and thus make it more costly for government troops to
contain rebel groups. Note that this first possibility is not a serious threat
to our estimation strategy, since higher levels ol rainfall are empirically
associated with significantly fess conflict in the reduced-form regressions,

15



Exclusion

because of more difficult transportation conditions. To explore this
possibility, we estimated the impact of rainfall shocks on the extent of
the usable road network using World Bank data, and we did not find a
statistically significant relationship. In fact, the point estimates on cur-
rent and lagged rainfall are both positive (e.g., the coefficient on current
rainfall growth is 192, standard error 1,025; regression not shown),
which argues against the theory above. Another potential violation of
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https://freakonomics.com/podcast/edward-miguel-on-collecting-economic-data-by-canoe-and-correlating-conflict-with-rainfall/

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)

Relevance: Z must truly affect X

Independence/Exogeneity: Z is as good as randomly
assigned

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

Your job: Discuss whether these assumptions hold!


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!



Differences in Differences
(with a Time Series Detour)

Econ 140, Section 9
MM Chapter 5

Jonathan Old



1. IV revision
2. Time Series
3. Motivation for DiD

4. Rainfall IV: Checking relevance with DID



IV revision



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)

Relevance: Z must truly affect X

Independence/Exogeneity: Z is as good as randomly
assigned

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

Your job: Discuss whether these assumptions hold!


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!



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.


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!



Motivation for DiD



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!



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:



How to get the causal effect of a treatment Il

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



How to get the causal effect of a treatment Il

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



How to get the causal effect of a treatment Il

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?



How to get the causal effect of a treatment Il

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.



How to get the causal effect of a treatment Il

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



How to get the causal effect of a treatment Il

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



How to get the causal effect of a treatment Il

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?



How to get the causal effect of a treatment Il

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?

- ldentifying 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.



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!



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—14)=—1



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—14)=—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.



Sidenote

... We can NOT observe the identifying
assumption! We can find evidence for or
against it, but we can never be sure!



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 unitiand time t € {0,1})

pip=f (h-vh) - (Y5-Y%) 1
——

Change for treated  cp3nge for untreated

= el (%) — (%-8) ]

~~

After-difference  Before-difference

10



DiD and Potential Outcomes

Let us look at the second one in more detail:
pip = E[(¥} - ¥§) — (Yo — Y]

- (E[yg] - E[v,ﬁ]) = (E[Yﬁ)] — [} )

After-difference Before-difference

Compare this with out formula for selection bias (in time
period 1):

A = E[YR] - E[Y§

= EVR(1) = YA(0)] + (EDYVA(0)] - EIYG(0)])

Selection Bias

n



DiD and Potential Outcomes

Let us look at the second one in more detail:
pip = E[(¥} - ¥§) = (Yo — Y]

= (ervi - e1vq]) — ( )

After-difference Before-difference

Compare this with out formula for selection bias (at t = 1):
A = E[Y]] - E[YS]
= EVR() = Yh0)] + ( )

ATT

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

Treatment
o Group
E
§ B
8 ‘Net'
3 Effect
ALl .
D

e |

Control
Group

Time
13

e |
(]

Source; Gertler et al, (2011}



(Potential) violation of a parallel trends assumption

Treatment
5 Group
E
o
e
] Net
Effect
Control
Group
Time
T 2 14

Source: Gertler et al. (2011)



Estimating DiD with regressions

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

Yit = o+ B Treated ; + y Post ; + 6 Treated ; - Post + + uj;

2020 2022

Free Mental Health: Treated

No Free Mental Health: Untreated o

15



Estimating DiD with regressions

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

Yit = o+ B Treated ; + y Post ; + 6 Treated ; - Post + + uj;

2020 2022

Free Mental Health: Treated

No Free Mental Health: Untreated o o+




Estimating DiD with regressions

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

Yit = o+ B Treated ; + y Post ; + 6 Treated ; - Post + + uj;

2020 2022

Free Mental Health: Treated a+p

No Free Mental Health: Untreated o o+




Estimating DiD with regressions

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

Yit = o+ B Treated ; + y Post ; + 6 Treated ; - Post + + uj;

2020 2022

Free Mental Health: Treated a+p a+B+vy+90

No Free Mental Health: Untreated « o+




Estimating DiD with regressions

We can set up a simple linear regression model to get the DID
estimate:

Yit = o+ B Treated ; + y Post ; + 6 Treated ; - Post ¢ + uj;

2020 2022
Free Mental Health: Treated 6 6
No Free Mental Health: Untreated 4 5

With our data, we would get:

ca=4
- B=2
sy =1

c0=-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:

Educ; = Bo + 1 Income ; + 5, Pop ; + B3 School ; + 54 Age ; + u;

where Educ; is average years of formal education in the village,
Income; is average annual income per capita in the village,
Pop; is the number of village residents, School; is the number
of schools in the village, and Age; 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

20
above.



IV regression

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

Educ; = Bo + 41 Income ; + 5, Pop ; 4+ B3 School ; + 54 Age ; + u;

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 first of the two stages.

21



Checking Relevance with DIiD

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



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

This is equivalent to estimating:
lit = Bo + B1G; + B2Dt + B3G; x Dt + U

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

23



Exercises and Questions around IV
Econ 140, Section 10

Jonathan Old



1. Recap: IV
2. Group work

3. IV Exam Exercise

4. Questions



Recap: IV



Recap: IV summary

We need the following three assumptions for IV to work:

Relevance: Z must truly affect X

Independence/Exogeneity: Z is as good as randomly
assigned

Exclusion Restriction: The only way that Z affects Y is via X.
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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 coefficient will be
larger (in absolute value) than the OLS coefficient

- 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



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.



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 conflict. 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)

Relevance: Z must truly affect X

Independence/Exogeneity: Z is as good as randomly
assigned

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

Your job: Discuss whether these assumptions hold!


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 first, 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:



IV Exam exercise ii

Estimation Method

oLs I\ IV IV v
Regressor {1} (2) (3) 4) {5}
Fractiononline —4.91 —-2.08 —0.36 —0.75 6.09
(0.11) (022 (0d0) {0.50) (3.22)
Library visits (.91 2.04
[0.08) [0.43)
Sample All All All Unis with lottery  Unis with lottery

All regressions also contain a constant term and a dummy variable for each but one of the
universities. Robust standard errors are reparted in parentheses.



IV Exam exercise iii

(a) What is the interpretation of the coefficient 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 satisfied for the IV to deliver better causal
estimates than OLS here. Discuss the validity of the



IV Exam exercise iv

assumptions in this case.

Estimation Method

OLs v v IV v
Regressor ) @ (3 (4 (5)
Fraction online  1.91 208 056 0.75 5.09
0aL (mEn A (.80 (5.2
Library visits (.91 204
(0.08) (n.43)
Sample All All All Unis with lottery  Unis with lottery

All regressions also contain a constant term and a dummy variable for each but ane of the
universities. Robust standard errors are reported in parentheses.



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
influences 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

n



IV Exam exercise Vvii

(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

Estimation Method

oLs I\ IV IV v
Regressor {1} (2) (3) 4) {5}
Fractiononline —4.91 —-2.08 —0.36 —0.75 6.09
(0.11) (022 (0d0) {0.50) (3.22)
Library visits (.91 2.04
[0.08) [0.43)
Sample All All All Unis with lottery  Unis with lottery

All regressions also contain a constant term and a dummy variable for each but one of the
universities. Robust standard errors are reparted in parentheses.

14



IV Exam exercise X

(e) Jenny notices that there are five 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 Xxi

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 find that the effect is
only very small and statistically insignificant.



Questions




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

Jonathan Old



1. Recap: DIiD
2. Making DID more general: Panel Data estimation

3. Practice question



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!
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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—14)=—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.



Parallel trends assumption
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Source; Gertler et al, (2011}



(Potential) violation of a parallel trends assumption
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Source: Gertler et al. (2011)



Estimating DiD with regressions

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

Yit = o+ B Treated ; + y Post ; + 6 Treated ; - Post + + uj;

2020 2022

Free Mental Health: Treated a+p a+B+vy+90

No Free Mental Health: Untreated « o+




Any questions?

... Remember - Every question is useful!



Making DiD more general: Panel Data
estimation




Limitations of the 2x2 DiD framework

In the simple 2x2 framework, we estimated:

Yit = o+ (B Treated ; + v Post ; + 6 Treated ; - Post + + uj;

How can we extend this framework?



Intro to Panel Data i

A panel dataset may look like this:

® lsa2e. F lsedc T year = pdapercap * perc_below_pov_line ¢ gdp_per.cap ¢ inflation
CHL 213 30402 T 56t 434877353
THI # E 1 BE105E
CHI 21 3 g AR IRAT
CHL 3 i 243288051

CHL & 3 1631946 2.55
cHL : 1 A595  BLA349085
CHL b 15265.0960 452363838
CHK 1 80164314 143702381
§094.3634  2.00000182
BE16, 956! 153313600

2.0
ML
214942 15

410

.G8931 118
51346025
3:314 g
3.24036933
352301933




It may also look like this:

New York
Los Angeles
Chicage
Houstan
Phoenix
Phitacalphla
San Antonio
San Diego
Dallas

San Jose
Austin
Jacksanville
Fart Worth
Calumbus
Indianapols
Charlatte

Crime_2006
0,74075276
0,81840755
0,81682982
005885616

02568483
0,85354857
0,58256254
0,26052609
0,85045327
0,75452737
0,45398455
0,18638302
013254183
0,21457262
0,97993863
0,13043704

Crime_2007
0,80312483
0,63440555
000085416
0,79345661
0,28097651
0,30478317
013215208
0,90551179
0,33482019
0,21462214
027082977
066744344
0,78355507
0,59542339

02017115
0,44544929

Crime_2008
0,57854938
0,75200179
0,74575534
0,18033028
082722175
0,07818559
0,55220155
0,965145068
0,15351924
0,24820183
0,89520785
0,38392451
0,83321159
0,65347252
0,58883837
0,13581143

Crime_2008 Crime_2010 Crime_2011

0,58480987 020097276
045218138 0,54532883
05521185 060451758
051317119 0,79642654
011994755 0,884851
082930161 0,28324875
025274349 022117177
004532108 0,55858179
0,74231968 0,55762722
02727016 000027307
082480029 0,52877813
083800587 0,30374371
0,33460775 000772913
016532587 0,35580354
0,545914541 0,22495244
0,32176217 006451777

O,B082655

00015679
0,34694545
0,50268029
083800072
0,60204952
0,63045228
057753748
O05057305
0,36822105

03452614
016785163
0, 78127289

07113844
0,58047281
0,60708331

Crime_2012
0,57070048
0,39512876
047874246
0,56157808
008578678

04457311
0,74109619
0,38254621
0,57960707
0,32304956
082578514
0,53614039
0,61026409
0, 72036005
0,01584661
0,24805805

Crime_2013 Crime_2014

002437202
041847651
015825374
077173283
0,21613254
01165021
017937274
0,36728436
071774087
09116018
0828743
O,15558203
0,25552213
0,39323372
0,88891756
0,91485751

0,07831943
066467241
0,346 7588
060797558
0,97306225
015597767
0,50914785
0,39425268
0,63565644
086006177
0,20606871
0,14260844
0,27373821
0,73022336
0,34520826
0,39053247

Crime_2015 Crime_2016

0,84572914
001546505
0,83544953
040451519
0,57291156
0,35430802
068773119
040312659
004305477
005504204
04435452
0,51748284
0,78588972
0,32645945
0,326581
0,35406354

0,75745919
0,558859%
0,44825934
0,785332
0,27341507
0,38034388
0,17854372
0,55506545
005451316
01124391
0,38857348
0,07054862
0,80784365
0,95442814
0,11407985
0,94245222

Crme_2017
0,598548363
0,27521867
058746251

05477959
0,20641572
0,37091781
0,50634586
0,51665312
027719973
0,83247218

08154967
070962828

0,1307358
044523343
0,76592867
0,12812588



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:

Profits;; = 8o + S1Female CEOj; + o + 0t + €j¢

How do we interpret (34?



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:

Profits;; = 8o + S1Female CEOj; + o + 0t + €j¢

How do we interpret (34?
The same way as in an OLS regression!

B3, 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. g is the effect within each firm (and year!),
controlling for the firm-specific and year-specific fixed effects.



See separate gif!
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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?

n
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- 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?
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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?

n



Any questions?

... Remember - Every question is useful!

n



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 file 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 identifies as a woman

- avg_benefit: the average welfare benefit (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 coefficient 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 fixed effects. How does the
coefficient 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 fixed effects. Interpret the
interpret the coefficient on reform. How does the coefficient
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 fixed effects.
Interpret the interpret the coefficient on reform. How does the
coefficient 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 specification (no FE, state FE, time FE, or state + time FE)
is most credible and why?

15
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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 five years
old before January 31 of that year

- Individuals are eligible for a microfinance 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!



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:
We only estimate a local effect!
There may be strategic behavior at the cutoff (example:
school district Oakland/Piedmont)



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 = a+f(Xj) + BD; + €

- f(X;) 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 8: Does the outcome
change at the discontinuity?



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



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)



Differences in Differences

- Parallel trends assumption
- Calculate with tables

- Calculate using regression tables



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 fixed effects with DIiD

10



Regression Discontinuities

- "No jump but our jump at the jump”

- Fuzzy DID is just IV

n



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 find 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 first, 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:

13



IV Exam exercise ii

Estimation Method

oLs I\ IV IV v
Regressor {1} (2) (3) 4) {5}
Fractiononline —4.91 —-2.08 —0.36 —0.75 6.09
(0.11) (022 (0d0) {0.50) (3.22)
Library visits (.91 2.04
[0.08) [0.43)
Sample All All All Unis with lottery  Unis with lottery

All regressions also contain a constant term and a dummy variable for each but one of the
universities. Robust standard errors are reparted in parentheses.

14



IV Exam exercise iii

(a) What is the interpretation of the coefficient 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 fixed effects.
What assumption would be required for this regression to
deliver a causal effect?

15



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)



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.



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 satisfied for the IV to deliver
better causal estimates than OLS here. Discuss the validity of the
assumptions in this case.



IV Exam exercise Vvii

Estimation Method

OLs v v IV v
Regressor ) @ (3 (4 (5)
Fraction online  1.91 208 056 0.75 5.09
011} (0.23) (0,204 {0,000} (4.22)
Library visits (.91 204
(0.08) (n.43)
Sample All All All Unis with lottery  Unis with lottery

All regressions also contain a constant term and a dummy variable for each but ane of the
universities. Robust standard errors are reported in parentheses.
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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 influences
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

20



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 |V 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 Xxi

Estimation Method

oLs I\ IV IV v
Regressor {1} (2) (3) 4) {5}
Fractiononline —4.91 —-2.08 —0.36 —0.75 6.09
(0.11) (022 (0d0) {0.50) (3.22)
Library visits (.91 2.04
[0.08) [0.43)
Sample All All All Unis with lottery  Unis with lottery

All regressions also contain a constant term and a dummy variable for each but one of the
universities. Robust standard errors are reparted in parentheses.
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IV Exam exercise Xxii

(f) Jenny notices that there are five 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?

2%



IV Exam exercise Xxiii

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 1V, and find that the effect is only very small and
statistically insignificant.

25



Other exam practice




RDD question

Question 2

The local government wants to estimate the impact on future earnings of a job training
program that it operated in 2016 and 2017. Access to the program is governed by an
eligibility rule: only individuals whose income in the prior tax year was less than £12,000
can participate.

A. (20 marks) Explain how you could use this eligibility rule to estimate the causal
effect of the program. Describe any data you would need, write down the regression
equation(s) you would estimate, define all variables precisely, and explain how you
would interpret the regression results. If you make any additional assumptions, state
them clearly.

B. (10 marks) A colleague worries that because the eligibility rule was public, your
estimates of the program’s causal effect may be biased. Why might this pose a
problem for identification? How could you use the data to assess the validity of this

concern?

26



DiD question

Question 3

(10 marks) On 28 August 2017, a new state law forced the city of St. Louis,
Missouri, United States to reduce its minimum wage from $10 per hour to $7.70 per
hour. You have monthly employment data for at the municipal level for the entire
state in the months of May 2017 and November 2017. How would you construct the
difference-in-differences estimate for the effect of reducing the minimum wage?
What assumption would have to hold for this to be a valid causal estimate of the
effect? Precisely describe one concern that you may have with the validity of this
assumption. Describe two things you could do to assess the validity of this
assumption.
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