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Stat 209B-- Lectures, Course Files, and Readings

Week 0

Course introduction (slides and audio posted on main page)
Background readings (not required, but of interest if you haven't seen these before)
1. Correlation and Causation: A Comment, Stephen Stigler Perspectives in Biology and Medicine, volume 48, number 1 supplement (winter 2005)
2. Secret to Winning a Nobel Prize? Eat More Chocolate (Time)
Publication: Chocolate Consumption, Cognitive Function, and Nobel Laureates Franz H. Messerli, M.D. N Engl J Med 2012; 367:1562-1564 October 18, 2012
3. David Freedman chapters.
From Association to Causation: Some Remarks on the History of Statistics;
Statistical Models for Causation: A critical review
Statistical Models and Shoe Leather, Sociological Methodology, Vol. 21. (1991), pp. 291-313. JStor link

Week 1

Lecture slides, week 1 (pdf)
Audio companion, week 1
parta partb partc
1. Encouragement Designs: example of potential outcomes formulation.

Lecture Topics

Illustration using encouragement design representation in Holland (1988). copies of selected overheads.

Encouragement Designs. Potential outcomes formulation and IV parameter estimation in Holland (1988). _Estimation handout

Do regression methods (path analysis) identify causal effects? Demonstrations of failure for Holland's encouragement design. class handout Encouragement design slides

Primary Readings
Paul Holland, Causal Effects and Encouragement Designs. Causal Inference, Path Analysis, and Recursive Structural Equations Models
Paul W. Holland Sociological Methodology, Vol. 18. (1988), pp. 449-484. (Encouragement design results; sections 3-5)
Holland Appendix (esp pp. 475-480) presents the potential outcomes formulation.
Abstract Rubin's model for causal inference in experiments and observational studies is enlarged to analyze the problem of "causes causing causes" and is compared to path analysis and recursive structural equations models.
A special quasi-experimental design, the encouragement design, is used to give concreteness to the discussion by focusing on the simplest problem that involves both direct and indirect causation.
It is shown that Rubin's model extends easily to this situation and specifies conditions under which the parameters of path analysis and recursive structural equations models have causal interpretations.

Encouragement Design research examples:
Sesamee Street evaluation

Gelman-Hill text sec 10.5; Data Analysis Using Regression and Multilevel/Hierarchical Models
Salt and Blood Pressure clinical trial

R Hebert, J A Cutler, V I Lasser, C P Sugars, L Steffen-Batey, A A Brewer, MI. Hypertension doi: 10.1161/01.HYP.22.4.5021993;22:502-512

2. Mediating (process) variables

Lecture Topics
Historical (Barron-Kenny) methods David Kenny web page
R-implementations: mediating variables data analysis example data file
Barron-Kenny method via Sobel function in the multilevel package.
More extensive implementation (incl BCa bootstrapping) function mediation in package msess Ken Kelley;
power and sample size calculations in package powerMediation
mediation package. takes the topic up a large level of complexity/capabilities

Primary Readings

Vignette for mediation package _Causal Mediation Analysis Using R

Mediation Analysis David P. MacKinnon, Amanda J. Fairchild, and Matthew S. Fritz Department of Psychology, Arizona State University, Tempe, Arizona 8§5287-1104; Annu. Rev. Psychol.
2007. 58:593-614

Mediation research examples:
Framing experiment
Brader T, Valentino NA, Suhat E (2008). What Triggers Public Opposition to Immigration? Anxiety, Group Cues, and Immigration." American Journal of Political Science, 52(4), 959-
978. jstor link
Data in mediation package; data description and analyses in mediation package vignette (linked below)
Bench Science vs Path Analysis: Exercise and Alzheimers
The irisin bench-science mediation example is discussed at the beginning of Week 2 lecture for recap and because I couldn't find it at the time.

NYTimes:How Exercise May Help Keep Our Memory Sharp .

Mediated moderation?

Stanford Medicine _Common opioids less effective for patients on SSRI antidepressants Publication: Predicting inadequate postoperative pain management in depressed patients: A
machine learning approach Arjun Parthipan,Imon Banerjee,Keith Humphreys,Steven M. Asch,Catherine Curtin,lan Carroll ,Tina Hernandez-Boussard Published: February 6,
2019https://doi.org/10.1371/journal.pone.0210575

New Yorker. December 23, 2013. The Power of the Hoodie-Wearing C.E.O. Publication: The Red Sneakers Effect: Inferring Status and Competence from Signals of Nonconformity.
Author(s): Silvia Bellezza, Francesca Gino, and Anat Keinan Source: Journal of Consumer Research

Additional Resources
Mediators and Moderators of Treatment Effects in Randomized Clinical Trials Helena Chmura Kraemer; G. Terence Wilson; Christopher G. Fairburn; W. Stewart Agras Arch Gen Psychiatry.
2002;59:877-883
additional technical papers. Causal Mediation Analysis Using R K. Imai, L. Keele, D. Tingley, and T. Yamamoto American Political Science Review Vol. 105, No. 4 November 2011
Unpacking the Black Box of Causality: Learning about Causal Mechanisms from Experimental and Observational Studies
MacKinnon, D. P., Lockwood, C. M., Hoffman, J. M.,West, S. G., Sheets, V. (2002). A comparison of methods to test mediation and other intervening variable effects. Psychological Methods, 7, 83-104.
Useful expositions Using R
Chapter 14: Mediation and Moderation Alyssa Blair
Mediation and Moderation Analyses with R - OSF presentation slides

Week 1 Review Questions


http://muse.jhu.edu/journals/perspectives_in_biology_and_medicine/v048/48.1xstigler.pdf
http://healthland.time.com/2012/10/12/can-eating-chocolate-help-you-win-a-nobel-prize/
http://www.nejm.org.laneproxy.stanford.edu/doi/pdf/10.1056/NEJMon1211064
http://www.stat.berkeley.edu/~census/521.pdf
http://media.wiley.com/product_data/excerpt/04/04708608/0470860804-5.pdf
http://links.jstor.org/sici?sici=0081-1750%281991%2921%3C291%3ASMASL%3E2.0.CO%3B2-F
http://rogosateaching.com/stat209/22lect1.pdf
http://rogosateaching.com/stat209/22partaL1.mp3
http://rogosateaching.com/stat209/22partbL1.mp3
http://rogosateaching.com/stat209/22partcL1.mp3
https://rag.su.domains/stat209/encourage.pdf
http://web.stanford.edu/~rag/stat209/encourest.pdf
http://web.stanford.edu/~rag/stat209/pathwork.pdf
https://rag.su.domains/stat209/resultsencourage.pdf
http://links.jstor.org/sici?sici=0081-1750%281988%2918%3C449%3ACIPAAR%3E2.0.CO%3B2-F
https://www.math.pku.edu.cn/teachers/yaoy/SummerSchool_2010/Gelman_Hill2007
https://www.ahajournals.org/doi/pdf/10.1161/01.HYP.22.4.502?download=true
http://davidakenny.net/cm/mediate.htm
http://web.stanford.edu/~rag/stat209/w2med
http://rogosateaching.com/stat209/ss423
http://cran.r-project.org/web/packages/mediation/vignettes/mediation.pdf
https://www.annualreviews.org/doi/10.1146/annurev.psych.58.110405.085542
http://www.jstor.org/stable/25193860?origin=JSTOR-pdf
https://www.nytimes.com/2019/01/16/well/move/exercise-brain-memory-irisin-alzheimer-dementia.html
https://www.nature.com/articles/s41591-018-0275-4
http://med.stanford.edu/news/all-news/2019/02/common-opioids-less-effective-for-patients-on-ssri-antidepressants.html
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0210575
http://www.newyorker.com/online/blogs/currency/2013/12/the-power-of-the-hoodie-wearing-ceo.html
http://www.jstor.org/stable/pdfplus/10.1086/674870.pdf
https://pubmed.ncbi.nlm.nih.gov/12365874/
http://imai.princeton.edu/research/files/mediationR.pdf
http://imai.princeton.edu/research/files/mediationP.pdf
https://pubmed.ncbi.nlm.nih.gov/11928892/
https://ademos.people.uic.edu/Chapter14.html
https://osf.io/4hbf9/download

Question 1. Mediating Variable Computations: Class example continued
The data set shown in class example ss423 is linked above and in the legacy directory http://web.stanford.edu/~rag/stat209/ss423
for predictor (IV) 'belong' outcome 'depress' and (potential) mediating variable 'master' The class example showed you the Baron-Kenny analysis using functions from the multilevel and
MBESS packages.
Here just use 'Im' basic regression and the recipees from the class handout to recreate point estimates and asymptotic standard errors, significance tests for the mediating variable effect.
Compare your result with the class example posting.
Extra: also try out the more 'sophisticated' functions in the mediation package.
Solution for question 1

Question 2. Potential Outcomes, Encouragement Design Estimation and (Causal) Mediation
Task 1. Create a potential Outcomes dataset following the first ALICE specification in the posted slides (week 3) ## ALICE example beta = 3 rho = 3 tau = 1, delta = 3 (I did n=400; larger
would be better so I redid with n = 6400)

Task 2. Use the artificial data to show the results for the mediation (indirect) effect by hand doing the 3 regressions using multilevel package (sobel) using MBESS package using the causal
mediation estimation ACME from the mediation package and compare with rho*beta

Task 3 estimate beta by the Wald estimator (assuming tau = 0) and estimate mediation effect
Solution for question 2

Question 3. Sesame Street: Encouragement Design research example
Sesame Street research setting and data description given pdf p.30 of Lecture 1 (also Gelman text).
For this exercise use postnumb : posttest on numbers (0-54), along with the measures encour and regular from the class example in Lecture 1.
Use the encouragement design formulation to estimate the effect on child cognitive development (postnumb here) of watching more Sesame Street.
‘What assumption is necessary for the IV estimation in this design?
Obtain a point and interval estimate for the effect of viewing (use ivreg as in class example).
From simple descriptives reproduce this instrumental variables estimate (Wald estimator).
The second approach (path analysis) analyzed by Holland requires what assumption?
Obtain the path analyses (regression) estimate for the effect on child cognitive development (postnumb here) of watching more Sesame Street.
Compare with the IV estimate (which employs different assumptions).
Solution for question 3

Week 2

Moderating Variables in experimental studies (heterogeneous treatment effects)

Lecture slides, week 2 (pdf)
Audio companion, week 2
parta partb partc
Lecture topics
0. Moderation, mediation recap slide
1. Review: formulation and purposes of analysis of covariance
basic (old) ancova exposition slides ancova and extensions, math notes
High School and Beyond (observational study) school means data example HSB ancova handout (ascii version)  data for HSB ancova HSB ancova, scanned pdf
2. Moderating variables, Heterogeneous Treatment Effects (CATE).
Analyzing treatment effects as a function of covariate(s)

Primary Readings

Ancova and extensions

Rogosa, D. R. (1980). Comparing nonparallel regression lines. Psychological Bulletin, 88, 307-321. [a better quality scan from the APA site]
R resources (below).

Moderation research examples:
Gender differences in effectiveness of aspirin.
Aspirin may be less effective heart treatment for women than men
Publication: ~ Aspirin Resistance in Patients with Stable Coronary Artery Disease, in the Annals of Pharmacotherapy April 2007
Moderating variables can be your friend (statistics is the only friend you need) music: I've got friends in low places
Wash Post: Why smart people are better off with fewer friends .

ATI research
Snow R.E. (1978) Aptitude-Treatment Interactions in Educational Research. In: Pervin L.A., Lewis M. (eds) Perspectives in Interactional Psychology. Springer, Boston, MA.
https://doi.org/10.1007/978-1-4613-3997-7_10

Family SES as a moderating variable in nature/nuture:
Why Rich Parents Don't Matter UTexas press release: Being Poor Can Suppress Children's Genetic Potentials Publication: Emergence of a Gene x Socioeconomic Status Interaction on Infant
Mental Ability Between 10 Months and 2 years DOI: 10.1177/0956797610392926 Psychological Science published online 17 December 2010 Elliot M. Tucker-Drob, Mijke Rhemtulla, K.
Paige Harden, Eric Turkheimer and David Fask

R implementations and Resources
package probemod manual
package interactions intro vignette: Exploring interactions with continuous predictors in regression models manual

Additional Resources, Ancova and extensions
Improving Present Practices in the Visual Display of Interactions Advances in Methods and Practices in Psychological Science
analysis of covariance: Background/historical papers:
Covariance Adjustment in Randomized Experiments and Observational Studies Paul R. Rosenbaum Statistical Science, Vol. 17, No. 3. (Aug., 2002), pp. 286-304. Jstor
Some Aspects of Analysis of Covariance, A Biometrics Invited Paper with Discussion. D. R. Cox; P. McCullagh Biometrics, Vol. 38, No. 3, (Sep., 1982), pp. 541-561. Jstor
Analysis of Covariance: Its Nature and Uses William G. Cochran Biometrics, Vol. 13, No. 3, Special Issue on the Analysis of Covariance. (Sep., 1957), pp. 261-281. Jstor
The Use of Covariance in Observational Studies W. G. Cochran Applied Statistics, Vol. 18, No. 3. (1969), pp. 270-275. Istor
Estimation of the Slope and Analysis of Covariance when the Concomitant Variable is Measured with Error James S. Degracie; Wayne A. Fuller Journal of the American Statistical Association,
Vol. 67, No. 340. (Dec., 1972), pp. 930-937. Jstor
Deep background Neter-Wasserman text (Applied linear statistical models. Neter, Kutner, Nachtsheim and Wasserman 1996. Fifth edition. Homewood IL: Irwin, Inc.) chapters 22 and 8.
Johnson-Neyman technique and aptitude-treatment interaction (ATI)
Cronbach, L. J., & Snow, R. E. (1977). Aptitudes and instructional methods: A handbook for research on interactions. Irvington
Regions of Significant Criterion Differences in Aptitude-Treatment-Interaction Research Leonard S. Cahen; Robert L. Linn American Educational Research Journal, Vol. 8, No. 3. (May, 1971),
pp- 521-530. Jstor
Identifying Regions of Significance in Aptitude-by-Treatment-Interaction Research Ronald C. Serlin; Joel R. Levin American Educational Research Journal, Vol. 17, No. 3. (Autumn, 1980),



http://rogosateaching.com/stat209/W1RQ1.sol
http://rogosateaching.com/stat209/W1RQ2.sol
http://rogosateaching.com/stat209/W1RQ3.sol
http://rogosateaching.com/stat209/22lect2.pdf
http://rogosateaching.com/stat209/22partaL2.mp3
http://rogosateaching.com/stat209/22partbL2.mp3
http://rogosateaching.com/stat209/22partcL2.mp3
http://rogosateaching.com/stat209/recapmm.pdf
http://statweb.stanford.edu/~rag/stat209/ancovaovr.pdf
http://rogosateaching.com/stat209/ancovacnrlhnd.pdf
http://statweb.stanford.edu/~rag/stat209/hsbanchnd
http://statweb.stanford.edu/~rag/stat209/hsbancovadata
http://rogosateaching.com/stat209/hsbanchnd.pdf
http://web.stanford.edu/~rag/stat209/cnrldata
http://rogosateaching.com/stat209/cnrlhnd.pdf
http://statweb.stanford.edu/~rag/ed257/cnrl.pdf
http://content.apa.org/journals/bul/88/2/307.pdf
http://www.physorg.com/news96910872.html
https://www.ncbi.nlm.nih.gov/pubmed/17456544
https://www.youtube.com/watch?v=EyWTL3QfXMQ
https://www.washingtonpost.com/news/wonk/wp/2016/03/18/why-smart-people-are-better-off-with-fewer-friends/
http://onlinelibrary.wiley.com/doi/10.1111/bjop.12181/abstract
https://link.springer.com/chapter/10.1007/978-1-4613-3997-7_10
http://online.wsj.com/article/SB10001424052748703954004576090020541379588.html
http://www.utexas.edu/news/2011/01/10/psychology_genetics_poverty/
https://pubmed.ncbi.nlm.nih.gov/21169524/
https://cran.r-project.org/web/packages/probemod/probemod.pdf
https://cran.r-project.org/web/packages/interactions/readme/README.html
https://cran.r-project.org/web/packages/interactions/vignettes/interactions.html
https://cran.r-project.org/web/packages/interactions/interactions.pdf
http://journals.sagepub.com/doi/full/10.1177/2515245917746792
http://links.jstor.org/sici?sici=0883-4237%28200208%2917%3A3%3C286%3ACAIREA%3E2.0.CO%3B2-T
http://links.jstor.org/sici?sici=0006-341X%28198209%2938%3A3%3C541%3AABIPWD%3E2.0.CO%3B2-I
http://links.jstor.org/sici?sici=0006-341X%28195709%2913%3A3%3C261%3AAOCINA%3E2.0.CO%3B2-K
http://links.jstor.org/sici?sici=0035-9254%281969%2918%3A3%3C270%3ATUOCIO%3E2.0.CO%3B2-3
http://links.jstor.org/sici?sici=0162-1459%28197212%2967%3A340%3C930%3AEOTSAA%3E2.0.CO%3B2-8
http://links.jstor.org/sici?sici=0002-8312%28197105%298%3A3%3C521%3AROSCDI%3E2.0.CO%3B2-9



http://links.jstor.org/sici?sici=0002-8312%28198023%2917%3A3%3C389%3AIROSIA%3E2.0.CO%3B2-A
http://links.jstor.org/sici?sici=1076-9986%28199724%2922%3A4%3C361%3ADJROSI%3E2.0.CO%3B2-O
http://links.jstor.org/sici?sici=0091-732X%281973%291%3C58%3R%20version%203.4.3%20(Kite-Eating%20Tree)%20has%20been%20released%20on%202017-11-30.ATIAL%3E2.0.CO%3B2-J
http://rogosateaching.com/stat209/W2RQ1.sol
http://rogosateaching.com/stat209/W2RQ2.sol
http://rogosateaching.com/stat209/W2RQ3.sol
http://rogosateaching.com/stat209/W2RQ4.sol
http://rogosateaching.com/stat209/22lect3a.pdf
http://rogosateaching.com/stat209/22lect3b.pdf
http://rogosateaching.com/stat209/22partaL3.mp3
http://rogosateaching.com/stat209/22partbL3.mp3
http://www-stat.stanford.edu/~rag/stat209/jorogosa06.pdf
http://web.stanford.edu/~rag/stat209/compexs.pdf
http://web.stanford.edu/~rag/stat209/compjo.pdf
http://web.stanford.edu/~rag/stat209/compmath
http://web.stanford.edu/~rag/stat209/LRcomp.pdf
http://en.wikipedia.org/wiki/Intention_to_treat_analysis
http://books.google.com/books?id=wObgnN3x14kC&pg=PA545&lpg=PA545
https://www.annualreviews.org/doi/abs/10.1146/annurev.publhealth.21.1.121
https://academic.oup.com/ije/article/29/4/722/765560
https://academic.oup.com/ije/article/29/4/722/765560
http://links.jstor.org/sici?sici=0162-1459%28199103%2986%3A413%3C9%3ACAAEVI%3E2.0.CO%3B2-2
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http://links.jstor.org/sici?sici=0162-1459%28199606%2991%3A434%3C444%3AIOCEUI%3E2.0.CO%3B2-O
http://links.jstor.org/sici?sici=0162-1459%28199103%2986%3A413%3C9%3ACAAEVI%3E2.0.CO%3B2-2
http://www.stat.berkeley.edu/~census/oxcauser.pdf
http://www.stat.berkeley.edu/~census/neyregr.pdf
http://people.bu.edu/mlava/ITT%20Workshop.pdf
http://www.nature.com.laneproxy.stanford.edu/bjc/journal/v68/n4/pdf/bjc1993402a.pdf
http://cran.r-project.org/web/packages/experiment/experiment.pdf
http://bmj.bmjjournals.com/cgi/reprint/319/7211/670.pdf
http://www-stat.stanford.edu/~rag/ed260/JEBSJO.pdf
http://faculty.washington.edu/peterg/Vaccine2006/articles/RubinCausal.2004.pdf
https://projecteuclid.org/euclid.aos/1034276631
http://www.biostat.jhsph.edu/~cfrangak/papers/preffects.pdf
http://links.jstor.org/sici?sici=0006-3444%28199906%2986%3A2%3C365%3AACOIAI%3E2.0.CO%3B2-O
http://www.biostat.jhsph.edu/~cfrangak/papers/sc/vouchers.pdf
http://bjp.rcpsych.org/cgi/reprint/183/4/323
http://web.stanford.edu/~rag/stat209/regrdischnd.pdf
http://www.stanford.edu/~rag/stat209/rddhnd.pdf
http://rogosateaching.com/somgen290/rddhnd
http://socialresearchmethods.net/kb/quasird.htm
http://links.jstor.org/sici?sici=0362-9791%28197721%292%3A1%3C1%3AATTGOT%3E2.0.CO%3B2-0
http://psycnet.apa.org.laneproxy.stanford.edu/journals/edu/51/6/309.pdf
http://rogosateaching.com/somgen290/angrist_lavy.pdf
http://cran.r-project.org/web/packages/rdd/rdd.pdf
https://journal.r-project.org/archive/2015/RJ-2015-004/RJ-2015-004.pdf
http://www.sciencedirect.com/science/journal/03044076/142/2
http://dx.doi.org/10.1016/j.jeconom.2007.05.001
http://psycnet.apa.org.laneproxy.stanford.edu/journals/edu/51/6/309.pdf
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=pubmed&dopt=Abstract&list_uids=1320557&query_hl=1&itool=pubmed_docsum
http://links.jstor.org/sici?sici=0162-1459%28198303%2978%3A381%3C21%3ACONATT%3E2.0.CO%3B2-F
http://links.jstor.org/sici?sici=0162-1459%28199912%2994%3A448%3C1045%3AAEOCIC%3E2.0.CO%3B2-V
http://www.ssc.wisc.edu/~jrporter/reg_discont_2003.pdf
http://rogosateaching.com/somgen290/week9RQ1.sol
http://rogosateaching.com/somgen290/week9RQ2.sol
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http://rogosateaching.com/stat209/W3RubinRD.sol
http://rogosateaching.com/stat209/W3RQ4.sol
http://rogosateaching.com/stat209/W3RQ5.sol
http://rogosateaching.com/somgen290/efslides_RQ3.pdf
http://web.stanford.edu/~rag/stat209/hw7efdata
http://rogosateaching.com/somgen290/17week9RQ1.sol
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More Question 6 1. Compliance data, IV analysis, imitating Efron-Feldman cholestyramine trial. Solution showed you the widely used ivreg function from package AER package. Redo the
ivreg analyses using functions from the ivmodel package.
Solution for more Review Question 6

Week 4


http://rogosateaching.com/somgen290/week7RQ1.sol
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Randomized Experiments
with Noncompliance

David Madigan



Introduction

*“Noncompliance” is an important problem in
randomized experiments involving humans

Includes e.g. switching subjects to standard
therapy when experimental therapy fails

*“Intent-to-treat” (ITT) is a standard approach
and is endorsed by FDA, journals, etc.

*Analyzes the data “as-randomized”



ITT

“Analyses that include all randomized
patients in the groups to which they were
randomly assigned, regardless of their
compliance with the entry criteria, regardless
of the treatment they actually received, and
regardless of subsequent withdrawal from
treatment or deviation from the protocol.”

Workgroup for the Biopharmaceutical Section of the American
Statistical Association



Intention-to-Treat Analysis

+ Key points

= Use every subject who was randomized
according to randomized treatment assignment

= Ignore noncompliance, protocol deviations,
withdrawal, and anything that happens after
randomization

+ As randomized, so analyzed
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Pragmatic vs. Explanatory
Analyses

* The hypothesis that an ITT analysis addresses Is
pragmatic — the effectiveness of therapy when used
In autonomous individuals

+ Analyses that focus on the biologic effects of
therapy are addressing explanatory hypotheses

= This is often done by excluding noncompliant subjects
from analysis
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Summary

+ Randomization is of central importance in
clinical trials

¢ |TT analyses try to preserve the randomized
groups and address pragmatic hypotheses
about the clinical utility of treatment

+ Explanatory analyses address interesting
hypotheses about the biological effect of
treatment, but are more prone to bias
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Compliance with Treatment

+ Some subjects do not comply with their
assigned treatment

+ For explanatory analyses these subjects
might not be used

= NoO biologic effect if no treatment taken

¢ For ITT analysis they would be used
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Compliance with Treatment

* Why Include noncompliant subjects in ITT
analysis? Other considerations are

= In clinical practice, some patients are not fully
compliant

» Compliant subjects usually have better outcomes
than noncompliant subjects, regardless of
treatment
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from Booil Jo Note: Compliance is Yes/No

Options in Dealing with Noncompliance

Randomized
Treatment Control
(A) (@) .
Compliers _ Potential Compliers
B) _(b) .
/ Noncompliers Potential Noncompliers
Not Randomized
e Intent-to-Treat (ITT) Analysis: (A+B) vs. (a+b)
e As-Treated Analysis: (A) vs. (B+a+b)

A
A

e Per-Protocol Analysis:
e CACE (Complier Average Causal Effect):

vs. (a+b)

(A) vs
(A) vs. (a)
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CACE—Complier Average Causal Effect

The Complier Average Causal Effect
(CACE) isthe average causal effect of atreatment in the subpopulation of compliers (see R.J. Little & D.B. Rubin, "Causal effectsin clinical and epidemiological studiesvia
potential outcomes: Concepts and analytic approaches,” Annual Review of Public Health, 2000, 21: 121-145).

The compliance status of an individual is generally unknown, but can be estimated with a number of assumptions, detailed in Little and Rubin, above. An approximately unbiased
edstimate of the of the CACE is the estimate of the Intent to Treat effect divided by the difference in the proportions that adopt the new treatment in the new treatment and control
groups.

— v "’th‘(ltC

new vocab, for compliance
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from Booil Jo slides

Common Setting

e Randomized trials, where successful placebo control is unlikely.

e 2 conditions: intervention (Z = 1) and control (Z = 0)

e 2 compliance types (C})
1) complier (c) - receives the intervention treatment if assigned, and does
not if not assigned. 7. = compliance rate.

2) noncomplier (n) - does not receive the intervention treatment even if
L] Wl L] L]
assigned to receive it. 1 — m, = m, = noncompliance rate.

2 observed average outcomes in Z = 1: . and fi,.

2 unobserved average outcomes in Z = 0: fi9 and fiy.

1 observed outcome in Z = 0: g (= e fheo + T fhno)-

The estimators of interest are

ITT = M1 — o = Te (,ucl - ,ucO) |‘<1 — 7TC) (:unl — ,unO) |
CACE = TTC = Me1 — MeO-

CACE complier average causal effect ” T e M n| - ,U’\ D
CACE = TIT/ e
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from Booil Jo

Options in Dealing with Noncompliance

Randomized
Treatment Control
(A) (@) .
Compliers _ Potential Compliers
B) _(b) .
/ Noncompliers Potential Noncompliers
Not Randomized
e Intent-to-Treat (ITT) Analysis: (A+B) vs. (a+b)
e As-Treated Analysis: (A) vs. (B+a+b)

A
A

vs. (a+b)
vs. (a)

e Per-Protocol Analysis:
e CACE (Complier Average Causal Effect):

(A) vs
(A)
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Per Protocol

Estimates the T effect from a group stripped of
poorer prognosis patients

Upward bias in estimation of the T effect

“What are the differences between average T
outcomes for patients who choose to adhere to
recommended treatment T and outcomes for patients

who choose to adhere to recommended treatment
C?”



As-Treated

*Assigns the non-compliers to C

«Strips T of poor prognosis patients

Upward bias in estimation of the T effect

“What are the differences between average outcomes
for patients who take T as compared to those who

take C, where the C group contains more patients
with poor prognosis?”
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702 Statistical Models for Causation

therefore a step forward. David Freedman

10. TECHNICAL NOTES

Intention-to-treat

The intention-to-treat estimator is the average response in the assigned-
to-treatment group, minus the average response in the assigned-to-control
group. The estimand is the average response of the study population if all
were assigned to treatment, minus the average response if all were assigned
to control.

To pursue these ideas, it will be convenient to introduce some mathe-
matical notation. We index subjects by i, running from 1 to N. If subject i is
assigned to treatment, the response is 7;; if assigned to control, the response
is C;. If all subjects in the experimental population are assigned to treatment,
the average response is

1

T=—
Ni

™M=

T;.

—

If all are assigned to control, the average response is

C = C;.

z| =
.MZ

I
-

The intention-to-treat parameter is T — C, which measures the average dif-
ference that assignment to treatment would make, in the study population.
These quantities are all parameters: they are computed at the level of the
population, not the data. (Remember, if you see the treatment response 7;,
you don’t see the control response C;.)

The estimators are the obvious ones: T is estimated by the average
response of the subjects assigned to treatment; C is estimated by the average
response of the subjects assigned to control; and the difference between these
two sample averages estimates the intention-to-treat parameter. The estima-
tors are unbiased, even in finite samples, because the average of a random
sample is an unbiased estimator for the average of the parent population.

The version of the model described above is deterministic at the level
of individuals. If you assign i to treatment, the response is 7;; if you assign
i to control, the response is C;. But two different subjects i and j may
well have different responses to treatment (7; # 7;); they may also have
different responses to the control regime (C; # C;). Moreover, the model
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Johns Hopkins School Intervention Study
(Ialongo et al., 1999)

e Designed to improve academic achievement and to reduce early behavioral
problems of school children. Teachers and first-grade children were randomly
assigned to control /intervention conditions.

e In Family-School Partnership Intervention condition, parents were asked
to implement 66 take-home activities related to literacy and math over a
six-month period. Nothing was offered to control condition. Therefore,
compliance with the intervention treatments could not be
observed among individuals assigned to the control condition.

e A large variation in completed activities (ranges 0 to 66), and over-
reporting of compliance is also expected. The intervention may not show
any desirable effects unless parents report a quite high level of compliance.

e Categorizing individuals into low and high compliers will provide a more
meaningful intervention effect estimate than categorizing them into never-
takers and compliers (97% reported they completed at least one activity).

19
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Example 5

JHU PIRC Study: N=284 (listwise deletion)

e Completed at least 45 activities - compliers.

e Qutcome: change gfore (baseline - followup) of anti-social behavior .

20 Hoo

AN AN

Ho /lcl /lnl M1 e
L0.319 (1.383) -0.177 (1.214) 0.248 (1.271) 0.045 (1.259) 0.479

e The I'TT" estimate is
ITT = i1 — jig = 0.045 — (—0.319) = 0.364.

o From Mo = Te fheo T+ T fhno and ER (/an — /lnl)y ,ELCO =l _'&n} (1_7%6)-

Te

1 —fin1 (1=7¢)
Te )

o From py = 7. i1 + T fhn1, We get [l =
e The CACE estimate is
CACE = fie — fip = "2 — 0.364/0.457 = 0.760.

C

22
.76 = .364/.479 , comp .479 vs .457 handling of missing data
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