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Assignment

1. Questions?

2. On quick reading: standard, apply-to-all critiques

3. Working in pairs or individually: 10% incentive
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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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Roadmap

From topic to research question

Theory, mechanisms, levels

Where does the data come from?

Ten things about big data sources

So where do you actually get data?

Paper: The Parable of Google Flu

Before next week
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Research and RQs

• Research = answering questions

• Re-cap on research types:

1. Normative vs. positive research

2. Positive: theoretical vs. empirical

3. Empirical: describe, explain, predict
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Example on types of questions and evidence

• You are doing the analytics

behind a campaign for Mahou

• Think of questions that are:

→ Descriptive

→ Explanatory

→ Predictive

• Which ones could you answer

with the data a brewer actually

has?
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What is a research question?

• Any question we can answer

• Sometimes we say that we derive an RQ from a topic, and a theory

from an RQ

→ Topic > RQ > Theory

• In reality, an RQ can be thought of as an operationalization of an

argument

→ Previous evidence > Argument > RQ > Hypotheses

• Even though this ‘argument’ can be something anecdotical that

we later develop into a proper, abstract theoretical argument

→ And it would actually look into something like this:

→ Previous > ‘Anecdotal argument’ > RQ > (Proper) Theory > Hs
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What is a research question? Example

• Topic/idea: Charlie Kirk and the rise of political violence?

• ‘Anecdotal argument’/intuition: online radicalization and young

men more likely to commit individual acts of violence

• ‘Main’ RQ: Does online media cause an increase in lone-wolf

political violence?

→ RQ1: Has political violence increased recently?

→ RQ2: Political violence now more likely by individual young men?

→ RQ3: Is online radicalization the cause of this?

• Theoretical argument, hypotheses, expectations, etc
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Good RQs, in brief

1. Empirically answerable

→ i.e. you can answer it with data

2. Theoretically relevant

→ i.e. it helps you learn something about your theory/argument
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Good RQs, more in detail

1. Consider potential results of the analyses

→ if you found X, does that answer the question? causally?

→ example: are kids who play videogames often more aggresive?

→ does that inform a theory on the aggresiveness effect of VGs?

(you can even try to do a better RQ without causal ID)

2. Is it feasible?

→ do you have the data? is it possible to do it? (e.g. algorithm to

predict re-offenders, biased by arrests)

→ also: is there any design or strategy to answer it?

3. Keeping it simple and narrow

→ what are the causes of economic underdevelopment? vs. does

exposure to natural disasters hinders economic development?
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Good RQs, more in detail

This:

→ Has political violence increased recently?

→ Political violence now more likely by individual young men?

→ Is online radicalization the cause of this?

vs this:

→ What’s the link between online media and political violence?

(too broad)

→ Is online media the cause of the increase of political violence among

young men? (many questions in one)

→ Why does online media drive political violence? (??)
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Example on generating RQs

• Couple things to remember:

→ RQs are often the link between theory and empirics

→ So they already suggest which variation to look at

• Imagine you have the following argument:

How good students do at school depends more on the peers they

are surrounded by than on the quality of the teaching they receive

• Which RQ could let us test this?
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Stories, RQs, and theories

• There’re no exclusive definitions of ‘stories’ and theories

• It’s just about getting to a sufficient level of abstraction

• Often, you start with a story or example, and then you move up the

ladder for both theory and RQs until you get to a general theory

tested with a RQ
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Generating theories

• No recipe for this, everyone generates theories all the time

• Usually it refers to an analytical argument that explains something

→ It could also be a descriptive or predictive theory, but even in those

cases there’s probably an explanation underneath

• Developed inductively, from descriptive data to general explanations

• My advice: if you can’t tell a story out of the theory, you’re not

there yet (i.e. need to be able to travel from/to abstraction)

• Q: How to identify a good theory?
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Evaluating theories

1. Simple

2. Internally coherent and able to explain variation

3. Testable
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Example (of the whole process)
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Example

• That’s some descriptive evidence that could inspire an anecdote

• The anecdotal argument (think of a story)

→ My friend John who went on Erasmus has more money than my

other friend who couldn’t go, and also, John managed to get a job

because his father is partner at a local firm

• The research question

→ Is there a causal effect of Erasmus on labor market early success? Is

the effect mediated by household income?

• The ‘proper’ theory

→ Going on Erasmus does not have any causal effect on getting a first

job, the relationship is explained by the confounding effect of income

→ Or: Positive effect among high-income students because they have

access to informal networks where this experience is valued

• The hypotheses?
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Hypotheses

• Hypothesis is just a very formal term for empirical expectations

→ Which essentially means being able to say what you expect to see

given a theory

And ideally, knowing what you need to see in order to discredit the

theory

• Imagine that I have the theory that my knee hurts when I do sports

on cold days

→ Simplifying it, we have a 2x2 situation:
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Hypotheses

• Hypothesis is just a very formal term for empirical expectations

→ Which essentially means being able to say what you expect to see

given a theory

And ideally, knowing what you need to see in order to discredit the

theory

• Imagine that I have the theory that my knee hurts when I do sports

on cold days

→ Simplifying it, we have a 2x2 situation:

Lecture 2: Questions and data 18/59



Hypotheses

• Hypothesis is just a very formal term for empirical expectations

→ Which essentially means being able to say what you expect to see

given a theory

And ideally, knowing what you need to see in order to discredit the

theory

• Imagine that I have the theory that my knee hurts when I do sports

on cold days

→ Simplifying it, we have a 2x2 situation:

Lecture 2: Questions and data 18/59



Hypotheses: what would you expect to observe?

Cold day Hot day

Run

Didn’t run
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Hypotheses: what would you expect to observe?

Cold day Hot day

Run Pain Not pain

Didn’t run Not pain Not pain
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What if you observe this? New theory? Test?

Cold day Hot day

Run Pain Not pain

Didn’t run Pain Pain
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Roadmap

From topic to research question

Theory, mechanisms, levels

Where does the data come from?

Ten things about big data sources

So where do you actually get data?

Paper: The Parable of Google Flu

Before next week
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Computational methods and theory

• Limitations of data mining

• Focus on the what rather that on the why

• Problems with machine learning

→ Example of predicting ice cream sales
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Why bother about theory?
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Mechanisms briefly

• A mechanism is basically the how (or why) of a relationship

• e.g., we know that the flu gives us fever

→ flu > fever

• What’s the mechanism?

→ flu > immune system detects infection > ∆ body temp > fever

• Good thing about mechanisms is that we can try to test them
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Testing mechanisms (≈ sub-research questions)

• Let’s go back to the Erasmus example

• If our theory is that the effect of going on Eramus is higher for

high-income students due to their access to social networks,

what’s the mechanism?

• And how could we try to test it?

→ (Think about the sub-RQs)
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Complexity of the social world and micro/macro

• Why do mass protests emerge?
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Levels of explanation

Can you think of...?

• Macro-level mechanisms

• Micro-level mechanisms

• What’s the point of macro-level explanations, actually?
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Recap

• Questions on theory, RQ, or mechanisms?
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Roadmap

From topic to research question

Theory, mechanisms, levels

Where does the data come from?

Ten things about big data sources

So where do you actually get data?

Paper: The Parable of Google Flu

Before next week
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Types of data, briefly

Designed

answers a question you (or other

researchers) had

Found

answers no question at all, or just

other types of logic (non-scientific)

Today: what follows from being on the right-hand side.
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Designed data: someone decided what to record

A survey, and a hand-coded conflict dataset. Someone wrote the questions, or the

coding rules.
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Found data: nobody decided anything, for you

Credit card transactions and social media posts, repurposed as research data.
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The asymmetry that matters

• With designed data, you know what the numbers were meant to

mean, because someone wrote it down (even though...)

• With found data, you have to reconstruct it, from the purpose of

whoever built the system

• So: who made this, and what were they trying to do?
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Salganik’s ten characteristics

Why we want them

Big

Always-on

Non-reactive

Why designs break

Incomplete

Inaccessible

Non-representative

Drifting

Algorithmically confounded

Dirty

Sensitive

Salganik, Bit by Bit
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Big, always-on, non-reactive

• Big: rare events become studiable, and small differences become

visible

→ but big does not fix bias. It makes you confident about the wrong

number

• Always-on: you can study things that were not anticipated, and

study them before and after

→ unexpected events get a baseline for free

• Non-reactive: people are not answering your questions, so they are

not performing for you

→ no social desirability bias. But no informed consent either

Lecture 2: Questions and data 37/59



Big, always-on, non-reactive

• Big: rare events become studiable, and small differences become

visible

→ but big does not fix bias. It makes you confident about the wrong

number

• Always-on: you can study things that were not anticipated, and

study them before and after

→ unexpected events get a baseline for free

• Non-reactive: people are not answering your questions, so they are

not performing for you

→ no social desirability bias. But no informed consent either

Lecture 2: Questions and data 37/59



Big, always-on, non-reactive

• Big: rare events become studiable, and small differences become

visible

→ but big does not fix bias. It makes you confident about the wrong

number

• Always-on: you can study things that were not anticipated, and

study them before and after

→ unexpected events get a baseline for free

• Non-reactive: people are not answering your questions, so they are

not performing for you

→ no social desirability bias. But no informed consent either

Lecture 2: Questions and data 37/59



Big, always-on, non-reactive

• Big: rare events become studiable, and small differences become

visible

→ but big does not fix bias. It makes you confident about the wrong

number

• Always-on: you can study things that were not anticipated, and

study them before and after

→ unexpected events get a baseline for free

• Non-reactive: people are not answering your questions, so they are

not performing for you

→ no social desirability bias. But no informed consent either

Lecture 2: Questions and data 37/59



Big, always-on, non-reactive

• Big: rare events become studiable, and small differences become

visible

→ but big does not fix bias. It makes you confident about the wrong

number

• Always-on: you can study things that were not anticipated, and

study them before and after

→ unexpected events get a baseline for free

• Non-reactive: people are not answering your questions, so they are

not performing for you

→ no social desirability bias. But no informed consent either

Lecture 2: Questions and data 37/59



Big, always-on, non-reactive

• Big: rare events become studiable, and small differences become

visible

→ but big does not fix bias. It makes you confident about the wrong

number

• Always-on: you can study things that were not anticipated, and

study them before and after

→ unexpected events get a baseline for free

• Non-reactive: people are not answering your questions, so they are

not performing for you

→ no social desirability bias. But no informed consent either

Lecture 2: Questions and data 37/59



Non-representative

• Who is on the platform is not who is in the population

• Who posts is not who is on the platform

• So: is a non-representative sample useless?
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The Xbox poll

• 2012 US election. Opt-in poll served to Xbox users

• ∼350,000 respondents. Around 93% male, overwhelmingly young

• Raw numbers: a large Romney lead. Wrong, and obviously so

• Adjusted using what was known about who was missing:

tracked the campaign closely and called the outcome

Wang, Rothschild, Goel & Gelman (2015), Int. J. Forecasting 31(3).
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Drifting

• The world changes

• The people on the platform change

• The platform changes

A measure can stop meaning what it meant,

without anything looking wrong .
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Google Flu Trends

• 2008: predict flu prevalence from search queries. Faster than the

CDC, and it worked

• 2009: missed the H1N1 pandemic, a flu outbreak that was not

seasonal

• 2011–13: over-predicted almost every week. In the 2012–13 season,

more than double the CDC figure
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What went wrong?

• Big data hubris: the assumption that volume substitutes for

measurement

→ it was fitted to correlate with CDC data, not to measure flu

• Algorithm dynamics: Google kept changing the search engine

→ suggested searches, autocomplete, health panels

→ people searched differently because the product changed

The instrument was being modified,

by someone who was not doing research .
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Algorithmically confounded

• Platforms do not just record behaviour. They shape it

→ ranking, recommendation, defaults, what is easy and what is hidden

• So an observed pattern may be a property of the system, not of

the people

• The platform is in your causal diagram (week 4)
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Inaccessible, and the post-API age

• The data belongs to someone, and they can revoke access

→ Twitter/X academic access, closed 2023

→ CrowdTangle, shut down 2024

• A design that depends on access you do not control is a design that

can stop working

• And nobody can check your results afterwards

Freelon (2018), Computational Research in the Post-API Age, Political

Communication 35(4).
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Dirty, and sensitive

• Dirty: spam, bots, duplicates, tests, automated accounts

→ the cleaning decisions are design decisions, and they are rarely

reported

• Sensitive: much of it is about identifiable people who never agreed

to anything

→ “it’s public” is not the same as “they consented”

→ aggregation and linkage can re-identify (week 5)
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Incomplete

• The variable you need is almost never the variable that was

recorded

→ platforms record what is useful to them, not what is useful to you

• No demographics. No income. No control variables

• You can sometimes infer what is missing. That is a model, and

models can be wrong
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Roadmap

From topic to research question

Theory, mechanisms, levels

Where does the data come from?

Ten things about big data sources

So where do you actually get data?

Paper: The Parable of Google Flu

Before next week
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A practical interlude

You have a question. Now what?

• Most projects in this programme use data somebody has already

published

• Knowing what exists, and what it looks like when it arrives, is a real

skill

Lecture 2: Questions and data 48/59
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Places things actually live

Also: INE, Eurobarometer, ESS, V-Dem, UCDP, national statistical offices,

municipal open data portals, replication archives (Dataverse, OSF).
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What a codebook gives you
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Before you commit to a data source

• Who made it, and why?

• What is the unit, and what is the coverage in space and time?

• Is there a codebook? If not, what replaces it?

• Who or what is missing?

• Can you actually get it, and could someone else get it again?

• Has it changed over the period you care about?

Six questions. They are also, more or less, Memo 2.
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Roadmap

From topic to research question
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Paper: The Parable of Google Flu

Before next week
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In pairs/groups

1. What was Google Flu Trends actually measuring?

2. Whose behaviour changed: the public’s, or Google’s?

3. Would more data have fixed it?

4. What would you have had to do in 2009 to see this coming?
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Groups of four: redesign it

You have Google’s search logs and CDC data, in 2009.

Build something that does not break the same way.
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Next week

Part of the problem of GFT was the fact that the numbers didn’t

really mean what they intended them to mean.

That’s a measurement problem.
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Roadmap

From topic to research question

Theory, mechanisms, levels

Where does the data come from?

Ten things about big data sources
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Before next week

• Read: Müller-Crepon, Hunziker & Cederman, Roads to Rule,

Roads to Rebel

→ Longer than Google Flu. Skip the statistics, read the measurement

• Memo 2, in pairs, Aula Global by Monday night:

→ Take a source of found data you could realistically get hold of

→ Who produced it, and why? Who or what is missing from it?

→ Name one question it could answer well, and one it could not

→ Half a page

Lecture 2: Questions and data 58/59
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Questions?
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