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* Brief Intro to Causal Inference
— Defining causal effects
— |dentifying causal effects in data
— Using causal diagrams to depict causal assumptions

e Causal inference in introductory statistics courses
— Why?
— What?
— How?
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Parents’
SES

X

College Future
Degree (1/0) Earnings (S)
Measure of Association: Causal Effect:

E(Y|[A=1)—E(Y|A = 0) ?
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e Potential Outcomes Framework (Rubin 1974)

A €{0,1} (Binary Treatment)
Y;: potential outcome when individual is treated

Y,: potential outcome when individual is treated
Average Causal Effect (ACE): E(Y;) — E(Yp)

 “Do” Operator (Pearl 1995)
E(Y|do(A=1))—E(Y|do(4 = 0))
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Measure of Association: Causal Effect:
EY|A=1)—E(Y|A=0) E(Y;) — E(Yp)
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The fundamental problem in causal inference:

* We cannot observe both potential outcomes for each
individual.

* Therefore, we cannot directly observe the average
causal effect.

E(Y1) — E(Yo)
* We can only observe:
E(11A =1) — E(Y5|A = 0)

However, sometimes we can identify causal effects from

things we can observe. Causal diagrams are very
helpful.
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Kev Idea: Causal diagrams contain all common causes of the
treatment and outcome.

“Blocks” flow of association

A—— Y

A Y

Figure 1. A is a cause of Y. Figure 2. Confounding: X is a
confounder of the effect of A
onY.

A Y “Blocks” causal effect

A—X—Y

X

Figure 3. Collider - Aand Y are  “opens” flow  Figure 4. X is a mediator of
common causes of collider X. of association  the effectofaAdonY.




UNITED STATES MILITARY ACADEMY U Si n g Ca u sa I D i a g ra m S to

“2 WEST POINT. Identify Causal Effects

criterion):
— There are no backdoor paths between treatment and outcome.

— You have measured sufficient confounders to “block” any
backdoor paths.

Age

College . Graduate

— Adult W
. Scho ult Wages

Gender

Parents SES
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* Goalis to estimate effect of intervening on one
variable on another variable.

 Sometimes, we can estimate this effect from
observational data.

* Investigators specify causal assumptions a priori
using expert knowledge.

* From causal diagrams, you can tell if causal effects
are identifiable. They are identifiable if:

— There are no backdoor paths between treatment and
outcome.

— You have measured sufficient confounders to “block” any
backdoor paths.
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Why causal inference in
introductory statistics?
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Recommendations for introductory statistics courses:

1. Teach statistical thinking.

— Teach statistics as an investigative process of problem-solving
and decision making.

— Give students experience with multivariable thinking.
Focus on conceptual understanding.
Integrate real data with a context and purpose.
Foster active learning.
Use technology to explore concepts and analyze data.

Use assessments to improve and evaluate student
learning.

oA WwWN

Carver, R., et al. "Guidelines for assessment and instruction in statistics education (GAISE)
college report 2016." Alexandria, VA: American Statistical Association (2016).



SN D A ES A S Yo AGA RN Why Causal in Intro Stats?

= “ WEST POINT.

 Reason #1: Causal questions require the investigator
(student) to consider the entire investigative process.

25007 : Is there an association between collegeDegree
: and Weekly Wages?
§2000 - Size
@ - Strength
%1500-
zmoo_ Would obtaining a college degree have resulted
o in someone earning higher wages?
= o0 - What was the study design?
- How was the data collected?
0 - How was the data analyzed?

No Yes
collegeDegree

Figure. Weekly wages (1992 S’s) of ~25,000 males in the 1988
U.S. Current Population Survey (source: Tintle et al 2016)



UNITED STATES MILITARY ACADEMY

wa © WEST POINT.

Why Causal in Intro Stats?

e Reason #2: Discussing and formally specifying causal
assumptions help develop multivariable thinking.

Explanatory Variable: College Degree (Y/N)
Outcome Variable: Adult Earnings (S)
Other Variables:

Age

Gender

Parents’ Education Level
Parents’ Income
Graduate School
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* Reason #3: Causal diagrams are visual tools for
structuring multivariable thinking.

Age

Graduate

— Adult W
Scho au a8e*

College ——
/V

Gender

Parents SES
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 Reason #4: Causal diagrams are useful for
demonstrating other concepts.

X\ X\
A Y A=—— Y

Figure 1. Null Hypothesis. Figure 2. Randomized Controlled
Experiment.
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* Reason #5: “Correlation does not imply causation” is
still good advice for students, but there is a lot more
our discipline has to say about causality.
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* Topic #1: Difference between association and causal
relationships.

Association — “See”

| see a relationship between having a college degree
and adult earnings in the data.

Causal — “Do”

If I did an intervention on college degree, there would
have been a change in adult wages.
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* Topic #2: Confounding.

Sleep House

Coffee Exam Grade # of Bedrooms Home Value (S)
Figure 1. Coffee has no effect on exam performance. Figure 2. Houses with more bedrooms tend to sell for higher
However, we observe an association because of confounding prices. However, adding a bedroom to your house will
(sleep). generally not change its value.

5001 ‘ 600+ Q
’ - I Bedrooms
] L —_—
. | 1 * . EI 2
2001 I
‘ 2004

B 3
|

B 4
B 5
2 3 < 5

Number of Bedrooms

Price (|r41$1K)
Price (in $1K)
S
o

Small _ Medium La'rge
Homes in Cornwall, New York (source: redfin.com) Size of house
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e Topic #3: Causal Diagrams

What is the effect of adding a bedroom to a house?

Size

/ (sq ft)
Waterfront)(_x

(Y/N) — # of Bedrooms —> Home Value (S)

N

(Y/N)
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* Topic #4. Methods for confounding adjustment

— Stratifying on a confounding variable
— Regression
— Matching



UNITED STATES MILITARY ACADEMY

= WEST POINT.

Guided Lab

Logic of
Inference

Scope of
Inference

1. Ask a research
question

v

2. Design a study
and collect data

v

3. Explore
the data

v

4. Draw
inferences

v

5. Formulate
conclusions

v

6. Look back
and ahead

Research Hypothesis

Significance
Estimation

Generalization
Causation

- Introduction to Statistical Analysis by Tintle et al.
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* How does childhood smoking effect lung function? A
1970’s study in Boston collected data related to this
topic. The researchers followed a cohort of children
in East Boston, MA for seven years to determine,
among other things, the effect of childhood smoking
on lung function.

1. Ask a research questions?

What is the effect of smoking on lung function in young
people?
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2. Design a study and collect data
a. Is this an observational study or experiment? Explain.

This is an observational study because we are not able to
randomize whether a subject smoked or not

b. If you were to conduct this study what variables would you

record?

AGE The age of the subject in years

FEV Forced expiratory volume (L), a common measure of lung
function

HEIGHT The height of the subject in inches

SEX Biological sex of the subject: Female (0) Male (1)

SMOKE Whether the subject had ever smoked or not: No (0), Yes (1)
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2. Design a study and collect data continued

c. Draw a causal diagram describing the relationship
between variables

SEX HEIGHT
AGE
N
- FEV

AGE
- SMOKE
HEIGHT
SEX

SMOKE
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2. Design a study and collect data continued

d. Based on your causal diagram, which variables are potential
confounders of the effect of smoking on lung function? Explain
why you selected these variables.

d. Redraw your causal diagram with a box around each
confounder. You will adjust for these variables in your analysis.

— _~HEIGHT

SEX

\ AGE

N
SMOKE - FEV
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 What the final casual diagram will look like

SEX

AGE

< T

SMOKE

FEV
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a. Perform data analysis and comment on at least
two interesting features

To do this we use the tidyverse package in R
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fev data%>%

mutate (smoke = case_ when
smoke == 1 ~ "¥Yes",
TRUE ~ "No"

V) E>%

rename (Smoker = smoke) %>%

ggplot (aes (x = Smoker,

y = fev, fill = Smoker))+
geom boxplot () +
labs(title = "Does smoking impact lung capcity?", y = "Forced Expiratory Volume\n (FEV) in Liters", x =
Smoker™) +

theme (text = element_text(size = 20))

Does smoking impact lung capcity?

6 L
g L
5 5 :
O
> 0
>24-
e o —
[ Smoker
.ngiS_ B3 No
a.a E2 Yes
S
Qo 2
&)
| -
P
-‘I_

N'o Yés
Smoker
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Does age impact lung capacity

6
£
E 5_ L] [ *
o ]
> O . "
>24- S
e — H H
S . e Smoker
-SZEG R No
S { ¢ 4 * Yes
ny ' :
ot SR Gender and FEV
O 2 6-
o ’ .
O @
L
: S
1 5 =
5 10 15 o
Age in years >0y
S Smoker
-2153 B No
oS Ed Yes
W
ot
Q 2
; ‘ |
o
L

—
'

Ferhale Méle
Gender
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4. Draw inferences

a.Simple Linear Regression (Unadjusted for Age and
Sex)

b.Multiple Linear Regression (Age and Sex Adjusted)
c.Matched (Age and Sex Adjusted)



UNITED STATES MILITARY ACADEMY G e
e uided Lab

Simple Linear Regression (Unadjusted for Age and Sex)

not a good model = Im(fev~smoke, data = fewv data)

summary (not a good model)

Call:

Im(formula = fev ~ smoke, data = fev_data)

Residuals:
Min 12 Median 30 Max
-1.7751 -0.6339%9 -0.1021 0.4804 3.22689

Coefficients:
Estimate Std. Error t wvalue Pr(>|t])

(Intercept) 2.56614 0.034e6 7T4.037 <« Z2e-lg **#
smoke D.71072 0.10994 c.d46d4 1,9%9=-10 ##%*
Signif. codes: 0 '*%%' Q_Q001 '**' Q.01 '*' Q.05 *'."' 0.1 " ' 1

REesidual standard errcr: 0.8412 on €52 degrees of freedom
Multiple R-squared: 0.06023, Adjusted R-squared: 0.0587%

M o e e e SHe S Sk e e e e e e e Sk e e
M o e e e S S Sk e e e e e e e ke e e

F-statistic: 41.79 on 1 and 652 DF, p-value: 1.993e-10
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fev model = Im(fev ~ smoke + age + sex, data = fev data%>%
mutate (sex = case when(
sex == 1 ~ "Male",

TRUE ~ "Female"

1))

summary (fev_model)

Call:
Im{formula = fev ~ smocke + age + sex, data = fev data %>% mutate(sex = case when(sex ==
1 ~ "Male"™, TRUE ~ "Female™)))

Residuals:
Min 10 Median 30 Max
-1.46707 —-0.3542¢ -0.03811 0.32199 1.

o
.
o
.
L

Coefficients:
Estimate Std. Error t wvalue Pr(>|t])
(Intercept) 0.2377171 D.080228 2.%64 0.00315 *=#

smoke -0.153974 0.077877 -1.975 0.04873 *

age 0.226794 0.00788 28.765 <« 2e-16 **®¥*

sexMale 0.315273 0.042710 7.382 4.8e-13 #*#®w*

Signif. codes: 0O '#%%' (0,001 '#*' Q.01 '#' Q.05 '.' 0.1 ' ' 1

Residual standard errcr: 0.5432 on €50 degrees of freedom
Multiple R-squared: 0.6093, Adjusted R-squared: 0.6075
F-statistic: 337.9 on 3 and 650 DF, p-value: < 2.2Ze-16

M= oS e e e e e e e e e e SHe e Sk Sk Sk Sk Sk Sk e
S oSk s S s SE sE SHE S s sHe SHe S s s Sk sk e s SE s
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library (MatchIt)

smoke match = matchit (smoke ~ age + sex, data = fev data,
method = "exact™)
matched data = match.data (smoke match)
matched model = Im(fev ~ smoke, data = matched data, weights = welghts)

summary (matched model)

Call:

Im(formula = fev ~ smoke, data = matched data, weights = weights)

Weighted Residuals:
Min 10 Median 30 Max
—Z2.4566 -0.4%972 -0.22%2 0.1417 3.5347

Coefficients:
Estimate Std. Error t walue Pr(>|t])

(Intercept) 3.34307 0.04234 7TE.95% <Ze-lg ***
smoke -0.07114 0.10507 -0.8677 0.499
Signif. codes: 0 "®%%7' (_QQ1 '**' Q.01 '*' Q.05 '.' 0.1 ' " 1

Residual standard error: 0.7633 on 386 degrees of fresdom
Multiple R-squared: 0.00118¢, Adjusted E-sguared: -0.001402
F-statistic: 0.4584 on 1 and 386 DF, p-value: 0.49%88

S e e SE S S S SHE e S e S SE S e S S She
S S e S S S S s s Sk S S S S S S S o
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4. Draw inferences

Guided Lab

Model Estimate 95% Cli
Age and sex Unadjusted 0.71 (0.49, 0.93)
Age and sex adjusted -0.15 (-0.31, 0.00)
(regression)

Age and sex adjusted (matching) -0.08 (-0.22,0.08)

5. Formulate conclusions

a. Is your result statistically significant? Is your result

practically significant?
6. Look back and ahead

a. Describe two other confounding variables we
should have considered in this analysis

Diet, Physical activity
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* Materials are available at:
https://github.com/kfcaby/causallab

e Paper forthcoming:

Cummiskey, Adams, Pleuss, Turner, Clark, and Watts
(2019). Causal Inference in Introductory Statistics
Courses.

* Joint work with Shonda Kuiper for a game-based lab
using Defenders Game (causal lab not available yet)
https://www.stat2games.sites.grinnell.edu/



https://github.com/kfcaby/causalLab
https://www.stat2games.sites.grinnell.edu/

UNITED STATES MILITARY ACADEMY

“ WEST POINT.

Questions
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Additional Slides
(Not used in presentation)
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e Stable Unit Treatment Value Assumption (SUTVA)

— One individual’s treatment level does not affect other
individuals’ outcomes

— Well-defined treatment levels
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* Treatment Assignment Mechanism

— Assumptions about why some individuals were more likely
to receive treatment

— Specified a priori using subject-area expertise
— Also called “causal assumptions”
— Frequently depicted with causal diagrams
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So, when can we identify causal effects?

* Conditional Ignorability
(Yl' YO) 1 A|X

* Check for “backdoor paths” in causal diagrams
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