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Introduction

• What is this course about?

• Expectations?

• What is research? And why do we need to design it?
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What this course is, and is not

We do

what variation a design exploits

what has to be true for it to work

how to tell whether an answer is any

good

We don’t

estimation, models, statistics

code, software, data wrangling

→ that is your methods sequence:

statistics, causal inference,

data science, R, data mining

No statistics in this course at all. Not one equation.
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Roadmap

Why design at all?

Three ways to answer a question

Evidence, claims, and inference

Units, observations, variation

From data to a question

Exercise: audit a claim

Course logistics
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A real example

• Racing team deciding whether to race or not in the last session

• Car engine has blown out in 7 out of 24 past races

→ Should we risk an explosion and go bankrupt or race?

• A mechanic has a last-minute gut feeling that it might have to do

with temperature (forecast for race: very cold day)

• Someone says: “show me the data of the past failures!”
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Challenger example

• Explanatory research

• What is the role of design here?

• Which observations to use

• What variation we need to answer the question?
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Not only about data or empirical evidence

• The “non-data” part is also important:

thinking about an answerable question, a coherent argument, and

how to connect it to data

• Also problematic because we all probably think we already know

how it’s done, but e.g. many final theses fail on this
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Types of research

• Theoretical and empirical research

• Qualitative and quantitative empirical research

→ Descriptive vs explanatory
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Three things you can do with data

• Describe: what is the case? How much, where, for whom?

• Explain: does X cause Y , and through what?

• Predict: given what I observe, what happens next, or elsewhere?
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Describe

1.59bn Facebook users; average degrees of separation = 3.57.

No causal claim, no prediction, and still full of design decisions.
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Explain

Feeds randomly switched from algorithmic to chronological, 3 months, N ≈ 23,000.

Randomisation buys the comparison. It does not buy generality.
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Predict

Phone metadata → wealth estimates for a whole country.

Identifies nothing causal, and does not need to. It has to work out of sample.
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Different goals, different standards

Goal Succeeds when Typical failure

Describe coverage, comparability, a

defensible denominator

measuring what got

recorded, not what happened

Explain the comparison isolates the

effect

something else moved at the

same time

Predict it works out of sample it worked, until the world

changed

• Most bad designs are a mismatch: a descriptive question with a causal answer

bolted on, or a causal question answered with a predictive design
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The five questions of this course

1. Why design at all? (today)

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?

By the workshop, you should be able to answer all five about your own project.
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Empirical research

• Goal: answer a question using empirical evidence

→ Usual problems: unanswerable questions, wrong data to question,

concepts do not correspond to measurements...

• How? exploiting empirical variation

• Research design is essentially knowing where to look at, how to

measure it, how to analyze it, how to interpret it, etc –

it’s about inference

using what you did observe to say something about what you did not

• Two things we should learn:

how to answer questions & how to evaluate answers
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Empirical evidence and claims
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Empirical evidence and claims

• Let’s reverse-engineer this:

→ What did they probably do?

• How would you answer the question better?

• Causal inference and experimental methods

→ Observation vs manipulation

• Gold standard?
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Opinions about claims?
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Other types of inference

• We are used to cases where we compare many observations with

different values on key variables

• What if we don’t have enough observations to answer a question?

• Any idea about examples?
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Opinions? How do you think it’s done?
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A few questions on variation

• Why do we talk so much about variation?

• Critique of having “few observations”?

• Why do we use statistics at all?

• What about experiments?

• Where’s the variation in attribution science?
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Description is not easy either

• Are levels of political violence increasing?

• Is the world becoming less democratic?
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Key ingredients

A dataset, and the four words we will use every week:

country year GDP p/c

Spain 2020 27,100

Spain 2021 30,100

France 2020 39,000

France 2021 43,700

one observation

a variable

unit of

analysis:

country-year

Variation = the differences down a column that a comparison can use.

No variation, nothing to learn.

Lecture 1: Why design at all? 37/69



On the unit of analysis

• Why is this important?

• Able to quickly identify it?
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What’s the unit of analyses in the data behind this graph?
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On the unit of analysis

• Most empirical designs can be adapted to different units of analyses

• The unit you use is related to the question and theory

• Example: children’s educational attainment and contextual factors

(peers, school, family, etc)

→ How many different units could you use, and how do they map onto

different questions?
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Where does your data come from?

Designed

surveys, experiments,

a coding scheme you wrote

→ answers a question you had

Found

digital traces, admin records,

scraped text, API dumps

→ answers a question someone else

had.

Or no question at all

A lot of what you will work with in this MA is found data

(Technically, when you use existing surveys or datasets that’s also found

data, but it is not the same as in typical CSS data, because it was collected

with a research design in mind, and that’s usually documented)
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The problem of starting with the data first

Two examples, both started the way most of yours will start: with

data already in hand and no question yet (which shouldn’t be the

case, but...)

• A hotel’s booking records

• Spotify’s collaboration network
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Example 1: hotel bookings

• Data arrives from a hotel: every booking, and whether the guest

actually showed up

• Unit of analysis: the booking

• Motivation: we can use data to increase business

• Research question: ?
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Example 1: what can these data answer?

• Which goal could this be: describe, explain, or predict?

• What would each version actually look like?

• Is “the booking” the right unit? What else could it be?

• Who is missing from this data?

• And: is the question you can answer the one the hotel wanted?
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Example 2: music collaborations

• Spotify API data

• Build a turned a network of artist collaborations

• Variables: time, genre
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Example 2: what can we ask here?

• What is the unit of analysis? (before and after?)

• What questions can we answer here? General design approach?

• Problems of data origin (e.g are genres becoming more connected

over time or catalogue issues? who decides how to tag artists?)

The Parable of Google Flu: Traps in Big Data Analysis
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What both have in common

• Both are found data

• Both entered the process in the middle (at the data, not at the

question)

• Neither dataset came with a goal, a unit, or a question

That is what the rest of this course supplies.
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The research process

Topic RQ Theory Measure Strategy Analyses Results

The red arrow is the honest part: nobody does this once, in order.
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From topic to question, and from question to theory

> From topic to the research question

→ Motivation is not a question

→ Good ones are answerable and relevant

> Examples, good and bad:

→ What is the best Netflix show?

→ What can we do to help poor countries develop?

→ What are the shopping patterns of the Spanish population?

→ Do individuals from minorities support the use of violence?

> From RQ to theory : arguments and mechanisms, testable and

credible
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And the rest of the process

> From theory to measurement : concepts, operationalization, unit

of analysis (week 3)

> From measurement to strategy : what variation will you look at?

(weeks 4–5)

> From strategy to analyses: not covered in this course

→ Question: what is the role of statistics in research design?

> From analyses to results: interpretation, relevance, external

validity
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Simplifying

1. Formulate one (or more) RQ from a topic/problem

2. Develop a theoretical argument related to that RQ

3. Building on theory, think about what and how to measure

4. What variation are you going to look at?

5. What can you really learn from the results?
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Exercise: audit a claim

A. “Remote work has made young people lonelier.”

B. “Four in ten Spanish adults under 30 still live with their parents.”

C. “Our model flags students at risk of dropping out with 87%

accuracy.”

(invented headlines)

In pairs, your assigned claim only. One written sentence each:

1. What is the goal: describe, explain, or predict?

2. What would the data have to look like for this to be knowable?

3. What is the first thing you would doubt?

10 min in pairs, then 15 min together.
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What we just did

• Named the goal before arguing about the answer

• Asked what data would have to exist

• Found the weak point in the design, not in the finding

This is the whole course, in miniature. You will do it to a published paper every

week, and to your own project in the workshop.
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Course logistics

• Tuesdays 18:00–21:00, except the workshop: Mon Oct 26,

15:00–21:00

• Six sessions between today and October 26th

• My email: francisco.villamil@uc3m.es

• Office hours by appointment

• https://franvillamil.github.io/res_design/
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Calendar

• Sep 15: Why design at all?

• Sep 22: Questions, and where the data comes from

• Sep 29: Do the numbers mean what you think?

• Oct 6: What comparisons can we use to establish causal claims?

• Oct 13: What variation can you exploit, and how far does it travel?

• Oct 26 (Monday, 15h–21h): Workshop

Papers discussed in sessions 2, 3 and 4. Attendance is mandatory.
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Evaluation

• Design memos (15%) pair

• Workshop presentation (35%) group

• Workshop feedback on your paired group (10%) group

• Final essay (40%) group

No participation grade. No graded paper commentary.

45% is earned on the workshop day.
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The design memos

Due Task

M1 Mon Sep 21 Audit a claim: the goal, the data it would need, your first

doubt

M2 Mon Sep 28 A found data source: who made it, who’s missing, what it

can answer

M3 Mon Oct 5 One concept, operationalised two ways. Which, and what you

lose

M4 Mon Oct 12 A causal claim: the comparison that would license it, and

what would bias it

M5 Mon Oct 19 Your group’s project, goes to your paired group

• In pairs, half a page. Aula Global, Monday night (formally Tue 00.00h)

• M1–M4 are not about your essay, but practice on someone else’s problem. M5 is your

group’s, and it’s the exception
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M5 Mon Oct 19 Your group’s project, goes to your paired group

• In pairs, half a page. Aula Global, Monday night (formally Tue 00.00h)

• M1–M4 are not about your essay, but practice on someone else’s problem. M5 is your

group’s, and it’s the exception
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Papers

1. Sep 22: Lazer, Kennedy, King & Vespignani (2014) The Parable of

Google Flu: Traps in Big Data Analysis. Science 343(6176).

2. Sep 29: Müller-Crepon, Hunziker & Cederman (2021) Roads to Rule,

Roads to Rebel. JCR 65(2–3).

3. Oct 6: Guess et al. (2023) How do social media feed algorithms affect

attitudes and behavior in an election campaign? Science 381(6656).

• Nothing to hand in, no mark. But part of the session is a conversation

about a paper you’ll have to have read
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The workshop

• Oct 26, 15h–21h. Groups of 3–4, 12 min + 8 min discussion

• Required slides: the goal; the question; units and variation; the

concept and its measure; the comparison; and

the threat I can’t solve

• Each group is paired with another: you read their design sketch

and give them written feedback, and they do the same for you

• Groups are fixed by Mon Oct 19 , when Memo 5 is due. Whoever

submits Memo 5 together presents together
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The final essay

• In groups of 3–4 (the same group you present with). Max 5000

words

• A pre-analysis plan: the document a researcher actually writes

before collecting anything

• Deadline: Oct 27, 23.59h, on Aula Global

• It should be finished before you present.

The extra day is for changes, not for writing it
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Books

• Matthew Salganik, Bit by Bit: Social Research in the Digital Age

(Princeton UP, 2018). Free online. Closest to this course

• Nick Huntington-Klein, The Effect (Chapman and Hall/CRC,

2021). Free online. Ch. 1–6 for us

• Dimiter Toshkov, Research Design in Political Science (Palgrave, 2016)

• Kosuke Imai, Quantitative Social Science (Princeton UP, 2017) methods

courses

• Scott Cunningham, Causal Inference: The Mixtape (2021) causal

inference
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Before next week

• Read: Lazer et al., The Parable of Google Flu (three pages, no

equations)

→ Nothing to hand in. We discuss it next week

• M1, in pairs, on Aula Global before next class:

→ Take a claim, from the news or anywhere

→ Name the goal. Say what data it would need. Name the first thing

you’d doubt

→ Half a page
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Where we started

“The answer was in the observations

they didn’t look at.”

1. Why design at all? done

2–5: the question, the measure, the comparison, how far it travels

Next week: where does the data come from?
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Questions?
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Roadmap

Appendix
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