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Where we are

1. Why design at all?

2. What is the question, and where would the data come from?

3. Do the numbers mean what you think they mean?

4. What comparisons can we use to establish causal claims?

5. What variation can you exploit, and how far does the answer travel?
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Where we left it

• Every causal claim is a comparison

• The effect on Gary needs a stand-in for Gary

• Controlling closes back doors, if you can observe what is behind

them
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The experimental fix

A coin flip moves smoking, and nothing else.

The back door is still there, but it no longer matters.
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Roadmap

Two strategies

Controlling and matching

Fixed effects

Difference-in-differences

Regression discontinuity

Instrumental variables

Putting it together

How far does it travel?

Keeping yourself honest

Ethics for computational work

Wrapping up

Memo 5, workshop and essay
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Two ways of finding a stand-in

1. Close the back doors

→ controlling, matching, fixed effects

→ works if you can name and measure (or hold constant) the

confounders

2. Find variation where they are closed by design

→ difference-in-differences, regression discontinuity, instrumental

variables

→ something moves the treatment for reasons unrelated to the outcome

• In practice, most good papers do both
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Back to Gary: who is his stand-in?

• A non-smoking neighbour of the same age, income, diet. . .

→ controlling, matching

• Gary compared with himself, or with his own family

→ fixed effects

• Gary before he started, plus how non-smokers changed meanwhile

→ difference-in-differences

• A Gary just old enough to buy cigarettes, or nudged into smoking

by chance

→ regression discontinuity, instrumental variables
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Three questions for every design

1. What variation does it use?

2. What has to be true for that variation to be as good as random?

3. How could you check, at least partly?

No estimation today. That is for the causal inference course.
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Roadmap

Two strategies

Controlling and matching

Fixed effects

Difference-in-differences

Regression discontinuity

Instrumental variables

Putting it together

How far does it travel?

Keeping yourself honest

Ethics for computational work

Wrapping up

Memo 5, workshop and essay
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Controlling, again

• When you control for Z , you compare units with the same value

of Z

→ (Technically: you remove variation due to the other variable)

• Subsetting is controlling too

→ studying education → income only among people raised in big cities

holds urban/rural constant

• Matching pushes this idea further

→ for each treated unit, find untreated units that look the same on Z

→ compare only within those matched pairs
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Two ways to match

• Distance matching: pair units with similar values on each Z

• Propensity score: estimate the probability of being treated given

Z , then match on that one number

• Usually you match controls to treated units → the ATT

• Treated units with no comparable control are dropped

→ the estimate is now about a different population
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What matching cannot do

• Matching is selection on observables, just like regression

• If lifestyle is unobserved, two matched “identical” people still differ

in lifestyle

• Matching makes the comparison look clean.

It does not make the confounder go away

Variation used: treated vs. untreated, among units that look alike

Must be true: no unobserved confounders
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Fixed effects: compare within groups

• Some unobserved confounders are constant within a group

→ country history, in a cross-national panel

→ school, in a study of students

→ the person, in a panel survey

→ the user, in repeated platform data

• Then compare only within each group

→ every group-level confounder is held constant, observed or not
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Example: high school and university grades

High school

grade

University

grade

Grade inflation

at the school

School

environment
Teacher

quality

All the dashed arrows come from the school. We can’t measure them, but

we know which school each student went to
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What fixed effects cannot do

• Confounders that change within the group

→ a new head teacher, a policy change mid-panel

• Treatments that do not vary within the group

→ all between-group variation is thrown away

Variation used: differences within groups

Must be true: no confounders that vary within groups
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Roadmap

Two strategies

Controlling and matching

Fixed effects

Difference-in-differences

Regression discontinuity

Instrumental variables

Putting it together

How far does it travel?

Keeping yourself honest

Ethics for computational work

Wrapping up

Memo 5, workshop and essay
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Something changes at a moment in time

• A minimum wage increase, a terrorist attack, a platform changes its

algorithm, a town renames its streets

• Naive comparison 1: before vs. after, in treated units

→ but other things changed over time too

• Naive comparison 2: treated vs. untreated, after

→ but they were different to begin with

• DiD: use the untreated group’s change over time as the

counterfactual for the treated
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The first DiD? Cholera in London, 1850s

• The Lambeth company moved its water intake upriver in 1852.

Southwark & Vauxhall did not

• John Snow compared cholera deaths in their customers’ homes

before and after
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The key assumption: parallel trends

• Without treatment, both groups would have changed in the same

way

• Not testable after treatment (that’s the counterfactual). But partly

checkable:

→ look at pre-treatment trends: were they parallel before?

→ ask why these units were treated now

• Threats: anticipation, other changes at the same time, selection

into treatment based on trends, spillovers to the control group

Variation used: changes over time, treated vs. untreated

Must be true: parallel trends
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When units are treated at different times

• Staggered adoption is the

normal case

• Standard two-way fixed effects

can then compare late-treated

units with early-treated ones

• If effects change over time,

that comparison is biased

• See Goodman-Bacon (2021),

Callaway & Sant’Anna (2021), Roth

et al. (2023)
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Treatment assigned by a cutoff

• Treatment switches on when a running variable crosses a

threshold

→ winning an election (vote share above 50%)

→ a scholarship (test score above x)

→ living on one side of a border (distance)

→ being old enough to vote or be drafted (birth date)

• Far from the cutoff, units differ in many ways

• Right at the cutoff, they should be almost identical
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Example: emancipation and Jewish national identity

Boix (2025), APSR
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Two more cutoffs

• Military retirement age in Burundi

→ does serving in an ethnically integrated army reduce prejudice?

→ soldiers just below vs. just above the age for mandatory retirement

→ Samii (2013), APSR

• Close elections and the incumbency advantage

→ does holding office help you win the next election?

→ parties that barely won (50.1%) vs. barely lost (49.9%)

→ Lee (2008), Journal of Econometrics
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Threats: what if units can choose their side?

Marathon finishing times. Allen et al. (2017), Management Science
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Are close elections really coin flips?

• Sorting: in postwar US House races, incumbents win close races

far more often than they lose them

→ better resources and information at the margin?

→ Caughey & Sekhon (2011), Political Analysis

• But across 40,000 close races in other countries and offices, no

such sorting

→ Eggers et al. (2015), AJPS

• What is the treatment? Winning a close race also changes the

type of candidate who wins

→ comparing winners with a trait (e.g. women, incumbents) mixes that

trait with whatever let them win a close race

→ Marshall (2024), AJPS
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What RDD needs

• No precise sorting around the cutoff

• Nothing else changes at the same cutoff

→ borders separate many things at once: compound treatments

• The estimate is local (LATE): it is the effect for units near the

cutoff

Variation used: the jump at the cutoff

Must be true: units just above and below are comparable
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Find something that moves the treatment

Instrument

(Z)

Treatment

(X)

Outcome

(Y)

U

• A natural experiment: the coin flip, found in the wild

• Use only the part of X that is driven by Z
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Two assumptions

• Relevance: Z actually moves X

→ checkable: look at the first stage

• Exclusion restriction: Z affects Y only through X

→ no back doors from Z to Y , and no other paths

→ not testable. An argument, not a statistic

Z X Y

W
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Example: are ethnic riots self-perpetuating?

van Noort & Goyal (2025), JCR
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When everyone uses the same instrument

Mellon (working paper, SSRN), “Rain, Rain, Go Away: 192 Potential Exclusion-Restriction

Violations for Studies Using Weather as an Instrumental Variable”
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What IV needs

• A relevant instrument

• A believable exclusion restriction

• Also local: the effect is for units whose treatment responds to the

instrument

→ the LATE, or effect on “compliers”

Variation used: the part of X driven by Z

Must be true: Z affects Y only through X
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The templates in one table

Design Variation used Must be true

Controls,

matching

Treated vs. untreated

who look alike

No unobserved

confounders

Fixed effects Within groups No confounders varying

within groups

DiD Change over time,

treated vs. untreated

Parallel trends

RDD Jump at a cutoff No sorting, nothing else

at the cutoff

IV Part of X moved by Z Exclusion restriction
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Combining: does pollution make people leave the city?

Chen, Chen, Lei & Tan-Soo (2021), JAERE
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The naive version: wind direction alone

Wind

direction
Pollution Driving

U

(economic activity, traffic)

• Use only the variation in pollution that comes from the wind

• Valid if wind direction affects driving only through pollution
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Combining: does pollution make people leave the city?

• Wind direction is linked to weather and season, which also affect

travel

• So: instrument with wind, and control for weather, season and city
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Try with these questions, which template?

1. Do Airbnb listings raise rents in a neighbourhood?

2. Does content moderation reduce hate speech on a platform?

3. Does having a female mayor change local spending?

4. Does exposure to cross-cutting news reduce polarization?

For each: what variation would you use, and what has to be true?
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Credible here, but where else?

• Internal validity: is the effect real here?

• The credibility revolution: designs with strong internal validity,

usually in a specific place and time

• The cost: the cleanest designs answer narrow questions

→ close elections, compliers, one border, one platform, one year

• Every step from topic to question to measure to design loses

something

• So: what have we learned about the big question?
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Three kinds of validity beyond “here”

• Construct validity: is the treatment really the cause you name? Is

the outcome really what you mean?

• External validity: would it hold for other people, treatments,

outcomes, places?

• Temporal validity: would it still hold now?
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Construct validity

• About mislabeling the cause or the outcome

• Of the cause: bundled treatments

→ Guess et al.: the chronological feed changed political content,

untrustworthy content, incivility, and time on platform

→ a border is laws, language, markets and media at once

• Of the outcome: session 3 again

→ does your measure of polarization capture polarization?
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External validity

• Unlikely that any effect holds under all conditions. The question is

under which

• Generalize to other. . .

→ units (who was studied?)

→ treatments (a different dose or version?)

→ outcomes (a different measure?)

→ contexts (another country, platform, period?)

• Generalizing the sign is easier than the size

Egami & Hartman (2023), APSR
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Temporal validity

• “All of the knowledge contained in published papers comes from

the past, and all action is in the future”

• Knowledge decays, at a rate that depends on how fast the world

changes

• In computational social science, that rate is high

→ what do we know about Twitter that holds for X?

→ platforms change their algorithms, users, and rules continuously

Munger (2023), Research & Politics
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Learning across studies: meta-analysis

• Do commodity price shocks cause conflict? 46 studies, same design
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How are meta-analyses done?

1. Literature review → 3,300 records

2. Keep studies with the same design and topic:

“the 46 included studies (102 estimates) quantitatively analyze the effect

of plausibly exogenous variation in world commodity prices on armed civil

conflict by using a generalized difference-in-difference design with unit and

time fixed effects”

3. Make studies comparable → standardize the coefficients

4. Pool them: fixed-effects and random-effects meta-analysis models
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What does theory predict?

H1: resources are the prize to be won by fighting (+)

H2: higher prices change the opportunity cost of fighting

(– for labour-intensive, + for capital-intensive)

H3: lootable resources can be captured by fighting (+)
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What the meta-analysis found

• Pooling all commodities: no effect

• Split by type, as theory predicts:

→ agricultural prices up → less conflict (opportunity cost of fighting)

→ oil and gas prices up → more conflict (bigger prize)

• Also shows the gaps: where and when the evidence comes from,

and what goes unpublished
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Roadmap

Two strategies

Controlling and matching

Fixed effects

Difference-in-differences

Regression discontinuity

Instrumental variables

Putting it together

How far does it travel?

Keeping yourself honest

Ethics for computational work

Wrapping up

Memo 5, workshop and essay
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Researcher degrees of freedom

• Every project involves dozens of reasonable decisions

→ which outcome, which measure, which controls, which sample, which

period, which estimator

• Each choice made after seeing the results tilts them

→ no bad intentions needed: the “garden of forking paths”

• Worse with big data: more variables, more subgroups, more ways to

slice
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Publication bias leaves a trace

No bias Bias

Funnel plots: effect size vs. precision across studies.

Imprecise studies should scatter on both sides of the truth
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Two responses

• Pre-registration and pre-analysis plans

→ write down hypotheses, measures and analyses before seeing

outcomes

→ what you did not pre-register is still allowed, but labelled exploratory

• Robustness as design logic

→ which reasonable choices could change the result? Show them all

• Your final essay can be a pre-analysis plan
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Placebo tests: look where there should be nothing

• If your design is right, some things should not happen

• Example: Russian TV signal strength and voting in Ukraine

1. Placebo outcome: signal should not predict things it can’t affect

(pre-existing share of Russian speakers)

2. Placebo treatment: signal of Russian sports channels should not

predict voting

3. Placebo population: no effect among satellite TV users, for whom

signal is irrelevant

Peisakhin & Rozenas (2018), AJPS ; Eggers, Tuñón & Dafoe (2024), AJPS
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An experiment on 689,000 people

• Facebook, 2012: reduced positive or negative posts in users’ feeds

for a week

• Outcome: the emotional tone of what users then posted

• Published in PNAS (Kramer, Guillory & Hancock 2014)

• No specific consent. Justified by the terms of service

• Same platform, same kind of intervention as Guess et al. What is

different?
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Questions that design raises

• Consent: accepting terms of service is not consenting to research

• Harm: would anyone be worse off because of your study?

• Re-identification: “anonymised” traces often aren’t

• Legality: scraping, platform rules, data protection

Salganik, Bit by Bit, ch. 6: respect for persons, beneficence, justice, respect for law

and public interest
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What credibility means for each goal

• Describe: coverage, a defensible denominator, a clear population

• Explain: a comparison whose assumption you can defend

• Predict: performance on data the model has not seen, from the

future

All three: how far does it travel?
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First steps

1. Say your question in one sentence. Which goal?

2. Which template(s) could you use?

3. What has to be true? How would you check it?

4. Which threat will you not be able to solve?
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Housekeeping

design write the essay

revise

Today

Oct 13

Memo 5

Mon Oct 19

Workshop

Mon Oct 26

Essay

Oct 27

Design memos (5) 15% the pair (Memo 5: the group)

Workshop presentation 35% the group

Workshop feedback 10% the group

Final essay 40% the group
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Memo 5: the design on one page

• Written by your workshop group (3–4 people), not in pairs

• Due Monday Oct 19, Aula Global, by midnight

• One page, six items:

→ goal · question · units and variation

→ measure · comparison · the threat you cannot solve

• Whoever submits together is a group: binding for the presentation

and the essay

• It goes to your paired group, who use it to prepare
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The research process

Topic RQ Theory Measure Strategy Analyses Results

Same diagram as in session 1. Your project covers everything up to Strategy

Lecture 5: Designs and credibility 86/93



What your presentation should cover

• The goal: describe, explain, or predict?

• The question, and why it is worth asking

• The units and the variation you would exploit

• The key concept and how you would measure it

• The comparison you would make

• The threat you cannot solve

Twelve minutes to present, eight minutes of discussion
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Workshop day: Monday Oct 26, 15–21h

• Double session, around twelve slots

• Each group: 12 minutes presenting + 8 minutes discussion

• Attendance for the whole session is mandatory

• Presenting:

→ a few slides, one idea each. The design, not a literature review

→ spend your time on the variation and the comparison

→ rehearse: twelve minutes is shorter than you think
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Workshop feedback (10%)

• Each group is paired with another group

• You get their Memo 5 in advance, and come with written

comments:

→ what is unclear

→ the main threat to the design

→ what you would do differently

• Feedback should be based on the presentation

→ Memo 5 is a primer: draft from it, update after you hear them

• Handed in and graded on the group
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The final essay (40%)

• A research design, not a data analysis. Two formats:

→ a pre-analysis plan for a study

→ an overview of how a topic could be studied quantitatively, e.g.

comparing two strategies for the same question

• Required:

→ the goal (describe, explain, predict) in the first paragraph

→ a paragraph on data provenance: who created it, why, what’s

missing, can you get it?

→ a section on threats, including one you cannot solve

• Max 5000 words (excluding appendix and references). Same

group, same grade
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A structure that works

1. Introduction: question, goal, why it matters

2. Argument: the mechanism, and what it predicts

3. Data: sources, units, provenance

4. Measurement: concepts and how you would measure them

5. Design: the comparison, what must be true, how you would check

6. Threats: what could go wrong, and what you cannot solve

7. How far it travels: scope, validity, ethics

A suggestion, not a template. One section per session, roughly
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Common pitfalls

• A topic instead of a question

• A list of methods instead of a comparison

• “We will control for everything”

• A predictive model presented as causal

• Data you cannot actually get

• No threat left unsolved
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Questions?
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