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Lecture 1
Introduction with four
examples



Outline

eCourse logistics

eHDL: does an association justify an intervention?
eBirthweight: can adjustment create bias?
eModerna: what does random assignment buy us?

eSchooling: what if we cannot randomize treatment?



What to expect from this course

e Learn causal inference methods and apply them to real data.

e Develop familiarity with causal reasoning, including how to formulate causal questions, set up
problems, articulate assumptions, and interpret results in context.

e Use R or Python for homework and the project. Course examples use R.
e Bring basic programming skills. We will not teach programming fundamentals.
e Lectures include derivations that explain how the methods work.

e Homework combines causal reasoning with data analysis and coding.

Lecture: Homework:
derivations (why) applied practice (how)
This iourse
Pure Methodology & Pure
Coding Derivations Theory/Proofs

In-class examples & R demos J




Texts and readings
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Imbens and Rubin (2015): Causal Inference for Statistics,
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Cambridge Core e-resource
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Additional articles and case-study materials will be
provided.
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Assignments and grading

Four homework assignments: 40%

Two in-person quizzes: 20% (20 minutes each, October 23 and November 18)

Group project written report: 20%

Group presentation and questions: 15%

Individual self-assessment: 5% (1-2 pages, three reflection questions)

Submit homework via Gradescope by Sunday, 11:59 PM, in Weeks 2, 4, 6, and 8.

Homework deadlines: October 11, October 25, November 8, and November 22.



Group project

e Approximately four students per group. Each group uses a different dataset.

e |nstructor datasets and documentation arrive in Week 4. Dataset and causal question approval is
due by the end of Week 6.

e Proposing your own data requires the dataset, documentation and a preliminary causal question.

e Define the causal question, treatment, and outcome. Apply a course method, assess its
assumptions, and explain findings and limitations.

e Presentations on December 2 and 4: 10 minutes presenting plus approximately 3 minutes of
questions.

e Each member needs a substantive speaking role, as a presenter or designated respondent. Submit
slides in advance.



Course logistics

Class: Wednesdays and Fridays, 10:30-11:50 AM, Jones 303

Instructor: Jingshu Wang

Instructor office hours: Wednesdays, 2:00-3:00 PM, Jones 317

Teaching assistants: Dong Xie and Qichuan Yin

TA office hours: to be announced

Participation: ask questions, contribute to pair/group activities, discuss case studies, and help peers
on Ed.



Course policies

Homework has a two-hour grace period for technical difficulties.

Late homework and makeup quizzes require prior approval, except in documented emergencies.

Discuss course material and homework with peers after making an honest attempt.

Write final solutions independently and in your own words.

Complete your own code and figures. Comparing final answers to check for mistakes is allowed.

Acknowledge substantial help. Read the syllabus for the full course policies.



Use of Al tools

e Al use is optional for homework and the project. Al is not permitted during quizzes.

e Permitted help: R/Python syntax, debugging, error messages, and grammar or clarity edits without
adding substantive content.

e Verify Al-assisted code and be able to explain how it works.

e Your own reasoning must determine the causal question, identification strategy, assumptions, and
interpretation of results.

e Al may not generate complete solutions or substantive explanations.

e Disclose the tool and its use. One disclosure in the group report is sufficient. You are responsible for
all work and may be asked to explain it.



Example 1

Would a drug that raises
HDL-C reduce
cardiovascular events?
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Why an HDL-raising drug seemed promising

Cholesterol Delivery to Liver
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Toth (2005). Circulation 111:e89—-e91.
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eHDL helps transport cholesterol from
tissues back to the liver.

eThis biological mechanism motivated a
hypothesis: raising HDL-C might reduce
cardiovascular events.

e\What evidence would justify trying
such a drug?



HDL-C and vascular disease: the cohort study

Emerging Risk Factors Collaboration, JAMA (2009)
“Major Lipids, Apolipoproteins, and Risk of Vascular Disease”

e Design: pooled individual records from 68 prospective studies, mostly in Europe and North
America.

e Participants: 302,430 people without vascular disease at baseline; 2.79 million person-years of
follow-up.

e Comparison: Compare the coronary heart disease hazard in each HDL-C group with the hazard
in the highest-HDL-C group, which serves as the reference.

e Hazard ratio: Compares how quickly new cases occur in two groups during follow-up. A ratio
above 1 indicates a higher event rate than in the highest-HDL-C reference group.

e Adjustment: Account for age, sex, blood pressure, smoking, diabetes, BMI, and other lipid
measures. Analyze ischemic stroke separately.

Does following people over time make this comparison causal?
JAMA 2009;302(18):1993-2000. doi:10.1001/jama.2009.1619



Would you act on this association?

3.5 1

3.0 1

2.5

o
o
I

Hazard Ratio
o

1.0+

Coronary heart disease

HDL-C

0.8

30 40 50 60 70 80
Usual Mean Level, mg/dL

w
(&)}
!

w
o
I

e
(&)
!

N
(@]
I

Hazard Ratio
o

‘] O_ ...........

Ischemic stroke

HDL-C

0.8

4IO SIO 6|O 7b
Usual Mean Level, mg/dL

O Adjusted for age and sex only
B Further adjusted for several risk factors

eHigher HDL-C is associated
with lower CHD hazard.

e Adjustment weakens the
association.

Would you develop the
drug?

What else could explain the
pattern?



A randomized test of an HDL-raising drug

Barter et al., New England Journal of Medicine (2007)
“Effects of Torcetrapib in Patients at High Risk for Coronary Events”

¢15,067 patients at high cardiovascular risk in a randomized, double-blind trial.
eBoth groups received atorvastatin, a statin that lowers LDL cholesterol.

eTreatment group also received torcetrapib, an experimental CETP inhibitor that raises
HDL cholesterol.

eComparison: torcetrapib + atorvastatin versus atorvastatin alone.

ePrimary outcome: time to the first major cardiovascular event.

Prediction: which group should have fewer cardiovascular events?

NEJM 2007;357:2109-2122. d0i:10.1056/NEJM0a0706628




The drug raised HDL-C but did not help

Table 2. Changes from Baseline at 3 Months and 12 Months in Selected Measures.*

eHDL-C increased substantially.

Variable Change at 3 Months Change at 12 Months
Atorvastatin Torcetrapib plus Atorvastatin - Torcetrapib plus
Only Atorvastatin P Value Only Atorvastatin P Value ° Th e to rc et ra p | b g rou p h a d
Lipids (absolute change) — mg/dI . .
Chislesteral more major cardiovascular

Total +1.6+20.5 +5.1+23.9 <0.001 +2.1+22.4 +9.3+26.3 <0.001 eve ntS.

High-density lipoprotein +0.5+6.2 +29.0£14.4 <0.001 +0.5+6.8 +34.2+17.0 <0.001

Low-density lipoprotein +0.6+15.8 -20.5+20.8 <0.001 +0.9x17.1 -21.5+22.7 <0.001

*The trial estimates this drug
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Example 2

Why can smoking appear
protective among low-
birthweight babies?

https://consultgd.clevelandclinic.org/smoking-even-one-cigarette-while-pregnant-doubles-the-risk-of-sudden-unexpected-infant-death-study-finds/
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What effect of maternal smoking do we mean?

eSmoking is associated with lower birthweight. Low birthweight
predicts mortality.

eTotal effect: how would mortality change if mothers did not
smoke?

eDirect effect: are there effects through pathways other than
birthweight?

Maternal Low birth Infant
smoking | — * weight — | mortality

\3_/—/'

| &
[ ]

Would comparing babies of the same birthweight answer the direct-effect question?



Frequency (%)

Smoking and mortality: the overall comparison

Wilcox (1993). American Journal of Epidemiology 137:1098-1104.

eMissouri vital records, 1980-1984. Observational comparison of maternal smoking during
pregnancy.

©215,428 births with no reported smoking, versus 42,270 with at least one pack per day.
ePerinatal deaths: stillbirths plus deaths in the first 28 days.

eMortality: 14.5 per 1,000 in the smoking group, versus 10.4 per 1,000 in the nonsmoking
group.

. X——X, nonsmokers; O- - -O, smokers.

Mean birthweight: 3,180 g versus 3,500 g.
Babies in the smoking group were 320 g lighter.

1 2 —T T ; Would adjusting for birthweight help?
Birth weight (kg)



The comparison reverses within birthweight

Wilcox (1993). American Journal of Epidemiology 137:1098-1104.

. X——X, nonsmokers; O- - O, smokers.

1000 - Below about 3 kg, babies in the smoking group
have lower mortality than babies of nonsmokers
at the same birthweight.

8
A lllll

Two babies have the same low birthweight.
What else might differ between them?

(per 1,000 five births)
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A similar pattern in a second population

Herndndez-Diaz, Schisterman & Hernan (2006). American Journal of Epidemiology 164:1115-1120.

e About 3 million U.S. live births in 1991, linked to infant-death records.

eComparison: babies of mothers who reported smoking during pregnancy versus those who
did not.
eQutcome: death before age 1. Low birthweight means less than 2,500 g.

e Analysis: compare mortality within 250 g birthweight categories, with adjustment for

maternal characteristics.

Smoking = = = Nonsmoking

Mean birthweight: 3,145 g with smoking
versus 3,370 g without smoking. 120000 - :

100,000

1 E 400,000
80,000 7 E
E 300,000

Smoking
SunpjowsuoN

60,000 1

A larger sample does not repair
a biased comparison.

40,000 7 - 200,000
20,000 - - 100,000

0 3

Birth Weight (g)



Conditioning can create a misleading association

Herndndez-Diaz, Schisterman & Hernan (2006). American Journal of Epidemiology 164:1115-1120.

1,000 -

= = Nonsmokers Smokers

A possible explanation: collider bias

S 100 _
3 Maternal Low birth Infant
= . _> . .
g smoking weight — | mortality
2, -
= 104 1:
= .
5 ) \ .
... - defect
] T T T T T T T T T T T T T T 1 .
R -Sm okmg and other causes can both lower
Birth Weight (g) birthweight.

e\Within low birthweight, babies of nonsmokers may

Mortality rate ratio: smoking / no smoking
have more of the other harmful causes.

Below 2,500 g: 0.79 (95% Cl 0.76—0.82).

At least 2,500 g: 1.80 (95% Cl 1.72-1.88). e Adjusting for birthweight can introduce bias
because smoking and other harmful conditions
both affect birthweight.



Example 3

How can we create a
credible comparison?
The Moderna vaccine trial

https://www.usatoday.com/story/news/health/2020/12/15/safe-and-effective-moderna-covid-vaccine-poised-fda-authorization/3901783001/
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Where randomized trials fit in drug development

Phases of drug development

Laboratory Early clinical Late clinical Market

Phase O [o]

: 5
o gg
) =D
(0)
Target Toxicity Preliminary trial Safety & Efficacy Efficacy & Post-market
finding _& MTD Sofety&  Efficacy Side eFFz_ac’rs, surveillance
drug design PK/PD, ADME, SAD MAD Dose  assessment  comparison
Lead compound selection Food effectnding to existing
in-pafient treatment
Laboratory Animal Patients Healthy volunteers Patients Patients
10-15 (sometimes patients) 50-300 300-3.000
20-100
14-18 months 1-2 years 2 years 1-4 years
PK PharmacoKinetics ADME Absorption, Distribution, Metabolism and Excretion Simplified representation of phases in drug development. Study content and dates and
PD PharmacoDynamics MTD Maximum Tolerated Dose nurnbers given may vary between studies. No rights can be derived from this figure.
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https://www.ipmglobal.org /our-work/research/clinical-trial /clinical-trials-approach
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Clinical trial phases

ePhase 0: exploratory studies of very small doses and early biological activity.
ePhase 1: safety, dose, and what happens to the treatment in the body.
ePhase 2: preliminary efficacy and further safety evaluation.

ePhase 3: larger studies comparing efficacy and safety with a relevant control.

ePhase 4: studies after approval, including longer-term benefits and risks.

Phase describes the study’s purpose. Randomization describes its design.

Phase overview: FDA, “Step 3: Clinical Research”

https://www.ipmglobal.org /our-work/research/clinical-trial /clinical-trials-approach
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Why random assignment helps

Why might people who choose vaccination differ from
those who do not?

eRandom assignment breaks the systematic link between
treatment assignment and baseline causes of the

outcome.

*The placebo group helps estimate what would happen
without the vaccine.

https://www.ipmglobal.org /our-work/research/clinical-trial/clinical-trials-approach

Patient information is
entered into a computer

The computer
randomly assigns
patients to two

or more groups,
helping to
prevent bias

Control group receives Investigational group
standard therapy receives new treatment
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The Moderna trial: treatment, comparison, outcome

Baden et al. (2021, published online 2020). New England Journal of Medicine 384:403-416.

ePhase 3 trial: 30,420 adults at 99 U.S. centers in 2020, randomized 1:1 (15,210 per group).

eTreatment: two 100 pg doses of mMRNA-1273. Comparison: two placebo injections, 28 days
apart.

eObserver-blinded. Primary outcome: symptomatic, test-confirmed COVID-19 starting 14
days after dose 2.

eMedian follow-up: 64 days after dose 2 at the November 25, 2020 analysis cutoff.

100 ug of
mRNA-1273

28 days apart
of 1 X1 XXX

XXX (XX
XXX (XX
XX XXX
4

X XXX

XXX X

MRNA-1273 teaches the immune system to recognize the SARS-CoV-2 spike protein.



Randomization and baseline balance

Baden et al. (2021, published online 2020). New England Journal of Medicine 384:403-416.

Randomization balances baseline characteristics on average.
Chance imbalances can remain in a particular trial.

Table 1. Demographic and Clinical Characteristics at Baseline.*

Placebo mRNA-1273

Characteristics (N=15,170) (N=15,181)
Sex — no. of participants (%)

Male 8,062 (53.1) 7,923 (52.2)

Female 7108 (46.9) 7,258 (47.8)
Mean age (range) — yr 51.3 (18-95) 51.4 (18-95)
Age category and risk for severe Covid-19 — no. of participants (%)t

18 to <65 yr, not at risk 2,886 (58.6) 8,888 (58.5)

18 to <65 yr, at risk 2,535 (16.7) 2,530 (16.7)

=65 yr 3,749 (24.7) 3,763 (24.3)
Hispanic or Latino ethnicity — no. of participants (%)}

Hispanic or Latino 3,114 (20.5) 3121 (20.6)

Not Hispanic or Latino 11,917 (78.6) 11,918 (78.5)

Not reported and unknown 139 (0.9) 142 (0.9)
Race or ethnic group — no. of participants (%)%

White 11,995 (79.0) 12,029 (79.2)

Black or African American 1,527 (10.0) 1,563 (10.3)

Asian 731 (4.8) 651 (4.3)

American Indian or Alaska Native 121 (0.8) 112 (0.7)

MNative Hawaiian ar Other Parific lclander 20N 35 M0 7N

Total
(N=30,351)

15,985 (52.7)
14,366 (47.3)
51.4 (18-95)

17,774 (58.6)
5,065 (16.7)
7,512 (24.8)

6,235 (20.5)
23,835 (78.5)
281 (0.9)

24,024 (79.2)

3,090 (10.2)
1,382 (4.6)
233 (0.8)

RT IO



Adverse events need a comparison group

Baden et al. (2021, published online 2020). New England Journal of Medicine 384:403-416.

A participant has a headache after vaccination.

What comparison helps us assess whether the vaccine caused it?
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Moderna: efficacy and uncertainty

Primary analysis: 11 / 14,134 vaccine recipients versus 185 / 14,073 placebo recipients.
Reported efficacy: 94.1% (95% Cl 89.3-96.8%).

Risk-based approximation: 1 - (11 /14,134) / (185 / 14,073) = 94.1%

Baden et al.

Placebo mRNA-1273
Subgroup (N=14,073) (N=14,134) Vaccine Efficacy (95% Cl)
no. of events/total no.

Al patients 185/14,073 11/14,134 = 94.1(89.3-96.8)
Age :

=18 to <65 yr 156/10,521 7/10,551 —®:  95.6(90.6-97.9)

65 yr 29/3552 4/3583 —m— | 864 (61.4-95.2)
Age, risk for severe Covid-19 E

18 to <65 yr, not at risk 121/8403 5/8396 —®'  95.9(90.0-98.3)

18 to <65 yr, at risk 35/2118 2/2155 — - 94.4(76.9-98.7)

=65 yr 29/3552 4/3583 — m— | 86.4(61.4-95.2)
Sex E

Male 87/7462 4/7366 — 95.4 (87.4-98.3)

Female 98/6611 7/6768 —® 1 931 (85.2-96.8)
At risk for severe Covid-19 i

Yes 43/3167 4/3206 —i— E 90.9 (74.7-96.7)

No 142/10,906 7/10,928 - 951 (89.6-97.7)
Race and ethnic group E

White 144/8916 10/9023 — 93.2 (87.1-96.4)

Communities of color 41/5132 1/5088 —IE 97.5 (82.2-99.7)

(l) 2l5 5IO 715 l(I)O

(2021, published online 2020). New England Journal of Medicine 384:403-416.




Compulsory school attendance laws,

minimum and maximum age limits
AGE OF REQUIRED SCHOOL ATTENDANCE, 2017

5t018 [l 6to0 17 7t016 [ 71018
" 6to16 [Jo6to18 W T7to17 Other
Example 4
Wash.
810 18

— Del

' 5t0 16

Does additional schooling
increase later earnings?

Note: For specifics regarding each state’s law, go to nces.ed.gov

Source: National Center for Education Statistics Post-Gazette

https://www.post-gazette.com/news/education/2019/03/14/Pennsylvania-Tom-Wolf-students-school-age-requirement-Allegheny-County-Pittsburgh/stories/201903070125
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Schooling and earnings: the confounding problem

Angrist & Krueger (1991): “Does Compulsory School Attendance Affect Schooling and Earnings?”

ePeople with more schooling tend to earn more.

e Ability and family background may affect both schooling and earnings.

log(Weekly wage;) = Bo + B1 Schooling; + B2 Ability; + noise;

Omitting ability can bias the estimated schooling effect when ability predicts both
schooling and earnings.

Can something change schooling without reflecting earning potential?



School-entry rules and the legal dropout age

Angrist & Krueger (1991). Quarterly Journal of Economics 106:979-1014.

eHistorical illustration: school entry requires age 6 by January 1 of the entry year.

eChildren may leave school when they reach age 16.

Who can leave school with fewer completed years: the January-born child or the December-
born child?

Born Turn Start
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Born Turn Start 16
Jan 6  School

https://mixtape.scunning.com/instrumental-variables.html
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Season of birth as an instrument

Angrist & Krueger (1991). Quarterly Journal of Economics 106:979-1014.

eBirth quarter predicts schooling through entry rules and attendance laws.

eFor birth quarter to be a valid instrument, it must be unrelated to other determinants of
earnings and affect earnings only through schooling.

Ability /
family
background
Season of Years of Weekly
birth schooling earnings



Birth quarter predicts years of schooling

Study data: U.S. Census records. The following figures show men born in 1930-1949.
Angrist & Krueger (1991). Quarterly Journal of Economics 106:979-1014.

Within birth cohorts, earlier birth quarters tend to have less schooling.

13.2

13.0

12.8

12.6

Years of Completed Education

1 | 1 ] ] ] ] |

32 34 36 38
Year of Birth
FIGURE I
Years of Education and Season of Birth
1980 Census

Note. Quarter of birth is listed below each observation.

40

Years of Completed Education

13.9

13.5

40 42 44 46 48 50
Year of Birth

1980 U.S. Census, men born 1930-1949.
Quarter 1 = Jan—Mar; quarter 4 = Oct—Dec.



The pattern after removing the year trend

Angrist & Krueger (1991). Quarterly Journal of Economics 106:979-1014.

After removing the cohort trend, compare quarters within each birth year.
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Birth quarter and earnings

1980 Census, men born 1930-1949: earlier birth quarters tend to have lower earnings.

Log Weekly Earnings

5|64Jlllllll]]lLll|llllJ
30 35 40 45 50

Year of Birth

FIGUREV

Mean Log Weekly Wage, by Quarter of Birth
All Men Born 1930-1949; 1980 Census

Angrist & Krueger (1991). Quarterly Journal of Economics 106:979-1014.

The causal interpretation requires the
earnings difference to operate
through schooling.

Challenge the design:

Name one way birth quarter could
affect earnings without changing years
of schooling.



What each example taught us

eHDL: an association does not isolate the effect of a particular intervention.
eBirthweight: conditioning can create a misleading association.
eModerna: random assignment provides a credible comparison in expectation.

eSchooling: an instrument requires substantive assumptions beyond a visible
association.

In every example: what comparison supports the causal claim?



A common framework for causal questions

Confounder U

N

Exposure X

Qutcome Y

Confounder U

s

(a) Correlated but not causal

e\What intervention, outcome, population, and time period do we mean?

Exposure X

causal effect

e\Which groups are compared, and why might they differ?

(b) Causal

> Outcome Y

e\What design or assumptions justify interpreting the comparison causally?
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Please use UChicago proxy! to open the links if you can not get the full pdf off campus
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