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High social media use increases mental
health risks for adolescents
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Does social media cause depression?

What is the effect of social media on mental health of youth?
~1,200 teenagers, surveyed over a decade

Results: Teens who use SM for two hours a day or more are at higher risk of
depression than lighter users
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What do we mean by “cause”?

Not a necessary condition: depressed teens who never used it
Not a sufficient condition: heavy users who are fine
A statement of probability: SM makes depression more likely

And an inherent comparison but between what?
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Imagine you are a farmer

You want a big harvest, so you experiment with a new fertilizer

You have four plots so you use fertilizer in one of them and that plot yields the
largest harvest

Did the fertilizer work?

A reasonable person would say yes. A social scientist says | don’t know. Why?
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The potential outcomes framework is how we conceptualize causality

Call Y the crop yield. Every unit (plot of land) i has two potential outcomes:

Yi(1) if treated,  Y;(0) if not.

The individual causal effect of fertilizer on crop yield is defined as:

Ti = Y,-(l) - Yi(o)

How much would crop yield differ if we compared a fertilized plot i to plot / had
it been unfertilized?
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The fundamental problem of causal inference

The contrast is the same unit, treated against untreated, factual agains
counterfactual

The fundamental problem of causal inference: We can only observe one of the
potential outcomes — we can never recover individual causal effects



Causality is a Missing Data Problem

Four fields. The effect of fertilizer on A is Ya(fert) — Ya(not).
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Average effects

We cannot recover individual effects but we can define the average effect across fields:

ATE = E[r}]

Substituting in the definition of 7,

ATE = E[Yi(1) - Yi(0)]

And because averages are linear,

ATE = E[Yi(1)] - E[Yi(0)]

Now we only need two averages!
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Can we use the observed averages?

We observe the yield in the fertilized fields and yield in the unfertilized fields. So we
can compute two averages:

Yfertilized Yunfertilized

Can we plug these in for...?

E[Yi(1)] and E[Y;(0)]

Only if the two groups would have had the same average yield without fertilizer.

That is a claim about a world we never observe!

Causal social science is the art of making that claim plausible.



A very compelling reason to believe the claim is randomization: Flip a coin

treated

Two groups, alike but for chance
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Some questions cannot, or ought not, be randomized

e Does victimization increase political participation?
e Does war strengthen national identity?

e Does immigration lower native wages?

And yet these are questions we care about
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No coin

Without randomization, we still plug in an observed comparison.

The question is whether that comparison is a credible stand-in for the missing
counterfactual.

Two common ways it fails:

Confounding Selection
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Spot the confounder

News > Health

Wine drinkers may live longer than beer
and spirit drinkers, study finds

Wine drinkers were found have a 21 per cent lower risk of dying from cardiovascular disease

Wine drinkers may differ before the
first glass.
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Another Benefit to Going to Museums?
You May Live Longer

Researchers in Britain found that people who go to museums, the

theater and the opera were less likely to die in the study period
than those who didn't.

Who goes to museums?



Spot the confounder

Another Benefit to Going to Museums?

You May Live Longer

Researchers in Britain found that people who go to museums, the museums > @
theater and the opera were less likely to die in the study period v
than those who didn't.

Museum-goers may differ before the
visit.




Find the confounder

Matthew Hahn
@3rdreviewer

You can be a professional basketball player, no matter how tall you are!
No correlation between height and scoring success in the NBA:
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There is no confounder

Height and skill both help you get into the

But we only observe people who made it.

Selection. Looking only at NBA players
distorts the relationship between height and

skill.
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When you cannot flip a coin

Find a coin the world already flipped.

The 1969 draft lottery drew birthdays at random.

random date ————> Vietnam service

Chance shifted who was likely to serve.
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Back to the teenagers and mental health

The ideal comparison is the same teenager in two worlds:

Yi(heavy use) — Y;(light use)

But we only observe one world.

So the study plugs in a comparison we can observe:

heavy users — light users

When is that comparison credible?
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What could break the comparison?

Maybe heavy users were already different.

e more anxious

e more isolated

less supervised

sleeping less

using social media because they were already struggling
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Keep your secrets

When you don't know what would have happened so you
can't estimate the counterfactuals

Causality is a comparison to a world we
cannot observe.

The work is making the comparison we can
observe a credible stand-in for the one we
cannot.
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All right,-then. Keep'your. secrets.




Thank you

When you don't know what would have happened so you
can't estimate the counterfactuals
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Don't let the universe keeps its

counterfactuals

https:
//carolina-torreblanca.github.io/

All right;-then. Keep'your secrets.
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