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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
Publication: Feasibility and efficacy of sodium reduction in the Trials of Hypertension Prevention, phase I Trials of Hypertension Prevention Collaborative Research Group. S K Kumanyika, P
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 MBESS 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 85287-1104; 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 . 
Publication: Exercise-linked FNDC5/irisin rescues synaptic plasticity and memory defects in Alzheimer's models   Nature Medicine volume 25, pages165-175 (2019) 
  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,Ian 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 'lm' 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)
     CNRL, including Johnson-Neyman technique   cnrl data   cnrl analysis (extended) 

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 .
Publication: Country roads, take me home... to my friends: How intelligence, population density, and friendship affect modern happiness.   British Journal of Psychology 2016
    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. Jstor 
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


pp. 389-399. Jstor
Defining Johnson-Neyman Regions of Significance in the Three-Covariate ANCOVA Using Mathematica Steve Hunka; Jacqueline Leighton Journal of Educational and Behavioral Statistics,
Vol. 22, No. 4. (Winter, 1997), pp. 361-387.  Jstor
discussion of substantive issues: Trait-Treatment Interaction and Learning David C. Berliner; Leonard S. Cahen Review of Research in Education, Vol. 1. (1973), pp. 58-94. Jstor

Week 2 Review Questions

Question 1. Background: standard analysis of covariance.(no moderating variable)

A researcher is studying the effect of an incentive on the retention of subject matter and is also interested in the role of time devoted to study. 
Subjects are randomly assigned to two groups, one receiving (C3 = 1) and the other not receiving (C3 = 0) an incentive. Within these groups, subjects are randomly assigned to 5, 10, 15, or 20
minutes of study (C2) of a passage specifically prepared for the experiment. At the end of the study period, a test of retention is administered. 
Treat the study time as a covariate for investigating the differential effects of the incentive.   Does using the covariate improve precision in estimating the effect of incentive?
Does the ancova assumption of a constant treatment effect at levels of StudyMin appear reasonable?
full data are in file retention.dat  formerly located at   http://statweb.stanford.edu/~rag/stat209/retention.dat
note:  As of January 2022 Statistics Dept. servers eliminated--files linked at statweb.stanford.edu/~rag/stat209/[file] or www-stat.stanford.edu/~rag/stat209/[file] now reside at
rag.su.domains/stat209/[file].
Linked materials resolve to rag.su.domains seemlessly but to read in data files to R requires using the new file location.
update: statweb file locations will read.table in R sucessfully; the older equivalent www-stat almost surely will not.

Solution for question 1

Question 2. Revisit High School and Beyond ancova from Week 2 lecture

In the class example we used school level (mean, gradient) outcomes and used school mean ses as a covariate. Investigate the usefulness of that covariate by comparing the ancova in class
example with just a simple t-test (sector) on these school level outcomes. What is the difference in precision between using the covariate or not? As this is not an RCT (revisit in Unit 2), also
look at differences in the estimate of the sector effect (bias?).

Solution for question 2

Question 3. Comparing Regressions (demonstration data, not an RCT)

Let's give recognition to the guys who made S (and R) and take some data from Venables, W. N. and Ripley, B. D. (1999) Modern Applied Statistics with S-PLUS. Third Edition. Springer (now
up to 4th edition). Chap 6 section 1 considers analysis of the data set whiteside (available as part of MASS subset of VR package) to access
> library(MASS) # do need to load library, MASS is part of base R > data(whiteside) > ?whiteside
Description
Mr Derek Whiteside of the UK Building Research Station recorded the weekly gas consumption and average external temperature at his own house in south-east England for two heating
seasons, one of 26 weeks before, and one of 30 weeks after cavity-wall insulation was installed. The object of the exercise was to assess the effect of the insulation on gas consumption.
Format The whiteside data frame has 56 rows and 3 columns.:
Insul A factor, before or after insulation.
Temp Purportedly the average outside temperature in degrees Celsius. (These values is far too low for any 56-week period in the 1960s in South-East England. It might be the weekly average of
daily minima.)
Gas The weekly gas consumption in 1000s of cubic feet.
Source. A data set collected in the 1960s by Mr Derek Whiteside of the UK Building Research Station. Reported by Hand, D. J., Daly, F., McConway, K., Lunn, D. and Ostrowski, E. eds (1993)
A Handbook of Small Data Sets. Chapman & Hall, p. 69.

carry out a comparing regressions analysis with Insul as the group variable, Gas as outcome, and Temp as within-group predictor.
construct a 95% confidence interval for the effect of insul on on gas with temp = 4 (pick-a-point procedure)
for what values of temp does there appear to be an effect of Insul on Gas (simultaneous region of significance)

Solution for question 3

Question 4.   R packages interactions and probemod
In lecture there was short mention of these two R-packages that whose main functions are to carry out the pick-a-point and Johnson-Neyman claculations, which are developed in Rogosa(1980).
Try out these functions using the cnrl dataset (also from Rogosa,1980) which we worked out in the lecture materials.
Solutions spoiler alert: no joy from these packages.

Solution for question 4

Week 3

To be posted
Lecture slides, week 3 (pdf)

week 3, part a (pdf)
week 3, part b (pdf) 

Audio companion, week 3
parta   partb

1. Compliance in RCT

Lecture topics
1. Compliance background: Intent-to-treat analyses, CACE estimators, research examples
2. Compliance and Dose-response data analysis (Efron-Feldman)
3. Rubin-Holland approach via Booil Jo presentation: Potential Outcomes Approach: A Brief Introduction
    Class handouts:   Compliance examples     Compliance overview     Compliance math notes     Little-Rubin Ann Rev Pub Health formulation

Primary Readings
Compliance Background: Intent-to-Treat (ITT), the FDA mandate.    simple definitions: wiki    Encyclopedia of epidemiology, Volume 1  (google books) 
Potential outcomes formulation (CACE): Causal Effects in Clinical and Epidemiological Studies Via Potential Outcomes: Concepts and Analytical Approaches Roderick J. Little and and
Donald B. Rubin Vol. Annual Review of Public Health, 21: 121-145, May 2000. 
Epidemiology exposition:   An introduction to instrumental variables for epidemiologists, Sander Greenland, International Journal of Epidemiology 2000;29:722-729 

Compliance research examples.
     Clofibrate in Coronary Drug Project
Influence of adherence to treatment and response of cholesterol on mortality in the coronary drug project. New England Journal of Medicine Volume 303:1038-1041 October 30, 1980 Number
18 
    Vitamin A in Central America
  An introduction to instrumental variables for epidemiologists, Sander Greenland, International Journal of Epidemiology 2000;29:722-729 
    Cholestyramine in Cholesterol trial (measured compliance)
Compliance as an Explanatory Variable in Clinical Trials. B. Efron; D. Feldman Journal of the American Statistical Association, Vol. 86, No. 413. (Mar., 1991), pp. 9-17. Jstor

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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    Draft Lottery and Vietnam Service 
Joshua D. Angrist; Guido W. Imbens; Donald B. Rubin "Identification of Causal Effects Using Instrumental Variables" Journal of the American Statistical Association, Vol. 91, No. 434. (Jun.,
1996), pp. 444-455. JStor 

Additional resources
Compliance as an Explanatory Variable in Clinical Trials. B. Efron; D. Feldman Journal of the American Statistical Association, Vol. 86, No. 413. (Mar., 1991), pp. 9-17. Jstor
David Freedman on Compliance Adjustments:      Statistical Models for Causation: What Inferential Leverage Do They Provide?  Evaluation Review 2006; 30: 691-713.       On regression
adjustments to experimental data  Advances in Applied Mathematics vol. 40 (2008) pp. 180-93.
Intent-to-treat Analysis of Randomized Clinical Trials Michael P. LaValley Boston University ACR/ARHP Annual Scientific Meeting Orlando 10/27/2003
Intention to treat--who should use ITT? J. A. Lewis and D. Machin Br J Cancer. 1993 October; 68(4): 647-650.    
Compliance analyses, R-implementations: Imai experiment package     Package icsw,   Inverse Compliance Score Weighting
What is meant by intention to treat analysis? Survey of published randomised controlled trials Sally Hollis and Fiona Campbell British Medical Journal 1999;319;670-674 
Booil Jo, Dept of Psychiatry   Estimation of Intervention Effects with Noncompliance Journal of Educational and Behavioral Statistics
   Compliance Publications based on Neyman-Rubin causal models:
Direct and Indirect Causal Effects via Potential Outcomes Donald B. Rubin Scandinavian Journal of Statistics Volume 31, Issue 2, Page 161-170, Jun 2004 .
Imbens GW and Rubin DB (1997) Bayesian Inference for Causal Effects in Randomized Experiments with Noncompliance The Annals of Statistics, 25, 305-327.
Principal Stratification in Causal Inference  Constantine E. Frangakis and Donald B. Rubin, Biometrics, 2002, 58, 21�29.
Addressing Complications of Intention-to-Treat Analysis in the Combined Presence of All-or-None Treatment-Noncompliance and Subsequent Missing Outcomes. Constantine E. Frangakis;
Donald B. Rubin Biometrika, Vol. 86, No. 2. (Jun., 1999), pp. 365-379. Jstor link
    Additional Case Studies
Principal Stratification Approach to Broken Randomized Experiments: A Case Study of School Choice Vouchers in New York City Barnard, Frangakis, Hill, and Rubin Journal of the American
Statistical Association June 2003, Vol. 98, No. 462, Applications and Case Studies
The British Journal of Psychiatry (2003) 183: 323-331 Estimating psychological treatment effects from a randomised controlled trial with both non-compliance and loss to follow-up graham
dunn, and mohammad maracy

2. Regression Discontinuity Designs (systematic assignment)

Lecture Topics
Non-random assignment on the basis of the covariate, such as regression discontinuity designs. 
    Regression Discontinuity handout     Example from rdd manual    ascii version

Primary Readings
Regression Discontinuity Designs  Useful primers by Wm Trochin: William Trochim's Knowledge Base
Rubin, D. B., (1977), "Assignment to a Treatment Group on the Basis of a Covariate", Journal of Educational Statistics, 2, 1-26.   Jstor link

Regression Discontinuity Research Examples
    The original: PSAT and National Merit
Thistlewaite, D., and D. Campbell (1960): "Regression-Discontinuity Analysis: An Alternative to the Ex Post Facto Experiment," Journal of Educational Psychology, 51, 309-317.
    Class size, Maimonides' Rule
In Rosenbaum, Design of Observational Studies (linked on main page).    sections 1.3, 3.2, 5.2.3, 5.3 DOS text 
Angrist-Lavy Maimondes (class size) data   Angrist and Lavy, 1999.               read data ang =
read.dta("http://stats.idre.ucla.edu/stat/stata/examples/methods_matter/chapter9/angrist.dta")

R implementations and Resources
R-package--rdd;   Regression Discontinuity Estimation Author Drew Dimmery
Also Package rdrobust Title Robust data-driven statistical inference in Regression-Discontinuity designs
   RJournal for rdrobust,   rdrobust: An R Package for Robust Nonparametric Inference in Regression-Discontinuity Designs

Additional Resources: Regression Discontinuity Designs
Journal of Econometrics (special issue) Volume 142, Issue 2, February 2008, The regression discontinuity design: Theory and applications      Regression discontinuity designs: A guide to
practice, Guido W. Imbens, Thomas Lemieux 
    Also from Journal of Econometrics (special issue) Volume 142, Issue 2, February 2008, The regression discontinuity design: Theory and applications  Waiting for Life to Arrive: A history of
the regression-discontinuity design in Psychology, Statistics and Economics, Thomas D Cook 
the original paper: Thistlewaite, D., and D. Campbell (1960): "Regression-Discontinuity Analysis: An Alternative to the Ex Post Facto Experiment," Journal of Educational Psychology, 51,
309-317.
Trochim W.M. & Cappelleri J.C. (1992). "Cutoff assignment strategies for enhancing randomized clinical trials." Controlled Clinical Trials, 13, 190-212.  pubmed link
Capitalizing on Nonrandom Assignment to Treatments: A Regression-Discontinuity Evaluation of a Crime-Control Program Richard A. Berk; David Rauma Journal of the American Statistical
Association, Vol. 78, No. 381. (Mar., 1983), pp. 21-27. Jstor
Berk, R.A. & de Leeuw, J. (1999). "An evaluation of California's inmate classification system using a generalized regression discontinuity design." Journal of the American Statistical
Association, 94(448), 1045-1052.  Jstor
 another econometric treatment

Week 3 Review Questions

Regression Discontinuity

Question 1. Regression Discontinuity, classic "Sharp" design.

Replicate the package rdd toy example: cutpoint = 0, sharp design, with treatment effect of 3 units (instead of 10). Try out the analysis of covariance (Rubin 1977) estimate and compare with
rdd output and plot. Pick off the observations used in the Half-BW estimate and verify using t-test or wilcoxon.
Extra: try out also the rdrobust package for this sharp design.       

 Solution for Review Question 1

Question 2. Systematic Assignment, "fuzzy design". Probabilistic assignment on the basis of the covariate.

i. Create artificial data with the following specification. 10,000 observations; premeasure (Y_uc in my session) gaussian mean 10 variance 1. Effect of intervention (rho) if in the treatment
group is 2 (or close to 2) and uncorrelated with Y_uc. Probability of being in the treatment group depends on Y_uc but is not a deterministic step-function ("sharp design"): Pr(treatment|Y_uc)
= pnorm(Y_uc, 10,1) . Plot that function.
ii. Try out analysis of covariance with Y_uc as covariate. Obtain a confidence interval for the effect of the treatment.
iii. Try out the fancy econometric estimators (using finite support) as in the rdd package. See if you find that they work poorly in this very basic fuzzy design example.
Extra: try out also the rdrobust package for this fuzzy design.       

 Solution for Review Question 2

Question 3. Controlled Assignment (class example)

From Rubin, D. B., (1977), "Assignment to a Treatment Group on the Basis of a Covariate", linked on course page

From page 16 Rubin

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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              7. A SIMPLE EXAMPLE 

Table I presents the raw data from an evaluation of a computer- 
aided program designed to teach mathematics to children in fourth  
grade. There were 25 children in Program 1 (the computer-aided  
program) and 47 children in Program 2 (the regular program). All  
children took a Pretest and Posttest, each test consisting of 20  
problems, a child's score being the number of problems correctly  
solved. These data will be used to illustrate the estimation  
methods discussed in Sections 4, 5, and 6. We do not attempt a  
complete statistical analysis nor do we question the assumption  
of no interference between units. 

TABLE I 

Raw Data for 25 Program 1 Children and 47 Program 2 Children 
Pretest              Posttest Scores 
Scores   
         Program 1             Program 2 
10            15                 6,7 
9             16                 7,11,12 
8             12                 5,6,9,12 
7            8,11,12             6,6,6,6,7,8 
6        9,10,11,13,20           5,5,6,6,6,6,6,6,6,8,8,8,9,10 
5          5,6,7,16              3,5,5,6,6,7,8 
4           5,6,6,12             4,4,4,5,7,11 
3           4,7,8,9,12           0,5,7 
2             4                   4 
1              -                   - 
0              -                   7 

Does assignment appear to be random or is this appear to be Assignment on the Basis of Pretest? 
Try to estimate the asignment rule, presuming it is based on pretest How does this differ from a regression discontinuity design (simplest version)?
Assuming that assignment to Program 1 or Program 2 was solely on the basis of pretest (plus perhaps a probabilistic component) estimate the effect of program (new vs regular).
note data in table 1 exist in a more convenient form in file hw5rubin.dat http://statweb.stanford.edu/~rag/stat209/hw5rubin.dat and data file included in the solutions
      

 Solution for Review Question 3

Compliance in RCT

Question 4 Non-compliance. Class example week 3.

Adapted from (linked on class page): An introduction to instrumental variables for epidemiologists, Sander Greenland, International Journal of Epidemiology 2000;29:722-729 
Additional Reference: Sommer and Zeger (1991). On Estimating Efficacy from Clinical Trials. Statistics in Medicine

Greenland discusses randomized trials with non-compliance where Z indicates treatment assignment, which is randomized; X indicates treatment received, which is affected but not fully
determined by assignment Z. 

To illustrate Greenland presents in his Table 1 individual one- year mortality data from a cluster-randomized trial of vitamin A supplementation in childhood. Of 450 villages, 229 were assigned
to a treatment in which village children received two oral doses of vitamin A; children in the 221 control villages were assigned none. This protocol resulted in 12,094 children assigned to the
treatment (Z = 1) and 11,588 assigned to the control (Z = 0). Only children assigned to treatment received the treatment; that is, no one had Z = 0 and X = 1. Unfortunately, 2419 (20%) of those
assigned to the treatment did not receive the treatment (had Z = 1 and X = 0), resulting in only 9675 receiving treatment (X = 1). Class handout has depiction and Greenland's table of results.
Use as the outcome measure Y, the Deaths per 100,000 within one year (labeled Risk in Greenland's Table 1).

Part 1, using data summary from class handout
a. Give the ITT (intent-to-treat) estimate of the effect of vitamin A on Risk
b. What is the compliance rate in the treatment group (Z=1)? In the control group (Z=0)?
c. What is the instrumental variables estimate (following Angrist Imbens Rubin) of the effect of vitamin A on Risk? 
What interpretation is given to this estimate (c.f. Booil Jo presentation)? Compare with part (a) result and comment.

Don Rubin has a great overview talk For Objective Causal Inference, Design Trumps Analysis Don Rubin, posted at http://www.bristol.ac.uk/media-
library/sites/cmm/migrated/documents/trumps.pdf
Starting pdf page 21 Rubin takes up noncompliance using the Viamin A data (slightly different tabulated values than in the Greenland paper handout)
d. Recreate the calculations (ITT As-treated, Per Protocol) shown on pdf p.23; refer to Booil Jo handout
e. also CACE estimate pdf p.24
The Bayesian estimates (Imbens and Rubin 1997) pdf page 25 onward are implimented in part in the experiment package (Imai) mentioned in class and class materials.

Solution for question 4
Question 5
From the Booil Jo presentation slides in lecture, consider the JHU PIRC Intervention Study: N=284 
Estimate Intervention Effects With Noncompliance
The Johns Hopkins Public School Preventive Intervention Study was conducted by the Johns Hopkins University Preventive Intervention Research Center (JHU PIRC) in 1993-1994 (lalongo et
al., 1999~ The study was designed to improve academic achievement and to reduce early behavioral problems of school children. Teachers and first-grade children were randomly assigned to
intervention conditions. The control condition and the Family-School Partnership Intervention condition are compared in this example. In the intervention condition, parents were asked to
implement 66 take-home activities related to literacy and mathematics over a six-month period. One of the major outcome measures in the JHU PIRC preventive trial was the TOCA-R (Teacher
Observation of Classroom Adaptation)
• Completed at least 45 activities = compliers.
• Outcome: change score (baseline - followup) of anti-social behavior .
From the means and compliance data given in the class materials (also linked Booil talk) compute treatment effect estimate of change in anti-social behavior: give ITT estimate and CACE
estimate

Solution for question 5

Question 6   Broken RCT: Compliance, measured or binary

Compliance as a measured variable. In Stat209 week 3 we examine compliance adjustments; both those based on a dichotomous compliance variable and the much much more common
measured compliance (often unwisely dichotomized to match Rubin formulation). The Efron-Feldman study ( handout description) used a continuous compliance measure. An artificial data set
a data frame containing Compliance, Group, and Outcome for Stat209 is constructed so that ITT for cholesterol reduction is about 20 (compliance .6) and effect of cholestyramine for perfect
compliance is about 35.
Try out some IV estimators for CACE. Obtain ITT estimate of group (treatment) effect with a confidence interval. Try using G as an instrument for the Y ~ comp regression. What does that
produce?
Alternatively use the Rubin formulation with a dichotomous compliance indicator defined as TRUE for compliance > .8 in these data. What is your CACE estimate. What assumptions did you
make? Compare with ITT estimate. In this problem the ivreg function from AER package is used for IV estimation.       

 Solution for Review Question 6

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
ITT 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

No biologic effect if no treatment taken
For ITT analysis they would be used

Why?
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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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Options in Dealing with Noncompliance

Treatment Control

     (A)
Compliers

       (B)
Noncompliers

           (a)
Potential Compliers

              (b)
Potential Noncompliers

Randomized

Not Randomized

• Intent-to-Treat (ITT) Analysis: (A+B) vs. (a+b)

• As-Treated Analysis: (A) vs. (B+a+b)

• Per-Protocol Analysis: (A) vs. (a+b)

• CACE (Complier Average Causal Effect): (A) vs. (a)

from Booil Jo Note: Compliance is Yes/No
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5/13/2007 11:43 PM http://72.14.253.104/search?q=cache:pct... 1 of 1

CACE—Complier Average Causal Effect 

The Complier Average Causal Effect
(CACE) is the average causal effect of a treatment in the subpopulation of compliers (see R.J. Lit tle & D.B. Rubin, "Causal effects in clinical and epidemiological studies via
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. 

new vocab, for compliance
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Common Setting

• Randomized trials, where successful placebo control is unlikely.

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

• 2 compliance types (Ci)

1) complier (c) - receives the intervention treatment if assigned, and does
not if not assigned. πc = compliance rate.

2) noncomplier (n) - does not receive the intervention treatment even if
assigned to receive it. 1 − πc = πn = noncompliance rate.

• 2 observed average outcomes in Z = 1: µc1 and µn1.

• 2 unobserved average outcomes in Z = 0: µc0 and µn0.

• 1 observed outcome in Z = 0: µ0 (= πc µc0 + πn µn0).

• The estimators of interest are

ITT = µ1 − µ0 = πc (µc1 − µc0) + (1 − πc) (µn1 − µn0).

CACE = ITTc = µc1 − µc0.

21

from Booil Jo slides

CACE complier average causal effect
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IV style assumpt: assignment has no effect on outcome
except through medication taken
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Options in Dealing with Noncompliance

Treatment Control

     (A)
Compliers

       (B)
Noncompliers

           (a)
Potential Compliers

              (b)
Potential Noncompliers

Randomized

Not Randomized

• Intent-to-Treat (ITT) Analysis: (A+B) vs. (a+b)

• As-Treated Analysis: (A) vs. (B+a+b)

• Per-Protocol Analysis: (A) vs. (a+b)

• CACE (Complier Average Causal Effect): (A) vs. (a)

from Booil Jo
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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.

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 Ti ; if assigned to control, the response
is Ci . If all subjects in the experimental population are assigned to treatment,
the average response is

T = 1

N

N∑

i=1

Ti.

If all are assigned to control, the average response is

C = 1

N

N∑

i=1

Ci.

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 Ti ,
you don’t see the control response Ci .)

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 Ti ; if you assign
i to control, the response is Ci . But two different subjects i and j may
well have different responses to treatment (Ti �= Tj ); they may also have
different responses to the control regime (Ci �= Cj ). Moreover, the model

David Freedman
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Johns Hopkins School Intervention Study
(Ialongo et al., 1999)

• 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.

• 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.

• 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.

• 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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JHU PIRC Study: N=284 (listwise deletion)

• Completed at least 45 activities - compliers.

• Outcome: change score (baseline - followup) of anti-social behavior .

µ̂0 µ̂c1 µ̂n1 µ1 π̂c

-0.319 (1.383) -0.177 (1.214) 0.248 (1.271) 0.045 (1.259) 0.479

• The ITT estimate is
̂ITT = µ̂1 − µ̂0 = 0.045 − (−0.319) = 0.364.

◦ From µ0 = πc µc0 + πn µn0 and ER (µ̂n0 = µ̂n1), µ̂c0 = µ̂0 −µ̂n1 (1−π̂c)
π̂c

.

◦ From µ1 = πc µc1 + πn µn1, we get µ̂c1 = µ̂1 −µ̂n1 (1−π̂c)
π̂c

.

• The CACE estimate is

̂CACE = µ̂c1 − µ̂c0 =
µ̂1 − µ̂0

π̂c
= 0.364/0.457 = 0.760.

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

Example 5
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Example 2  from Greenland see handout

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

Administrator
Pencil

Administrator
Pencil

Administrator
Pencil

Administrator
Pencil

Administrator
Pencil

Administrator
Pencil

Administrator
Pencil

Administrator
Pencil

Administrator
Pencil

Administrator
Pencil

Administrator
Pencil

Administrator
Pencil

Administrator
Pencil



!"#$!"#$%&'$$%&'(&)$*+,-#-+.-/$

0-(12+$3#'45($6+&)7(1($

0"+&)8$9:$;'<1+$

=&#>&#8$?+1>-#(1@7$

rag
Rectangle



A"44-#$&+8$x-2-#$^1@&41+$6$0&@&$

>4B"
@08)"C4=;5+2-D)"

@E;)"

@0)27=)-7"

:**+,-=)-7"

@0)27=)-7"

>)D)+1)9"
#!"#"

F8=/)0"4G"

CH+590)-"

C$ p$ E$ E$ E$ CCsCD$

[$ p$ E$ E$ C$ dD$

\$ U$ C$ E$ E$ [\Ks$

D$ U$ C$ E$ C$ \D$

s$ %$ C$ C$ E$ IJJ\$

J$ %$ C$ C$ C$ C[$

[\JK[$

Reference:  Sommer and Zeger (1991). On Estimating Efficacy from Clinical 

Trials.  Statistics in Medicine. 



;-(')@($",$3H#--$A@&+8&#8$b"b$

6+&)7(-($

I)7H49" J*3=27)" C25D85234-" >4B"C4=;20+*4-"

*33$ iE:EE[J$ \/$D/$s/$a$J$>(:$C$a$[$

6(i@#-&@-8$ iE:EEJs$ s$a$J$>(:$C/$[/$\/$aD$

Z-#$5#"@".")$ iE:EEs[$ s$a$J$>(:$C$a$[$

Reference:  Sommer and Zeger (1991). On Estimating Efficacy from Clinical 

Trials.  Statistics in Medicine. 

! 

=
12 + 34

9663+ 2385 +12 + 34
"

74

11514 + 74

! 

=
12

9663+12
"

34 + 74

11514 + 2385 + 34 + 74

! 

=
12

9663+12
"

74

11514 + 74



b"b$%6%L$6+&)7(1($

6%L$W$()$
K$U6%L$h$(*$

K$%6%L$

iE:EE[s$W$E:[$K$U6%L$h$E:K$K$%6%L$

iE:EE[s$W$E:K$K$%6%L$!$%6%L$W$iE:EE[soE:K$W$iE:EE\C$



Imbens G.W. and Rubin D.B. (1997) Bayesian Inference for Causal Effects in 

Randomized Experiments with Noncompliance. Annals of Statistics 25(1):305-327. 

9&7-(1&+$6+&)7(1($",$A"44-#$a$x-2-#$0&@&$



Imbens G.W. and Rubin D.B. (1997) Bayesian Inference for Causal Effects in 

Randomized Experiments with Noncompliance. Annals of Statistics 25(1):305-327. 

9&7-(1&+$6+&)7(1($",$A"44-#$a$x-2-#$0&@&/$

b&#21+&)$Z"(@-#1"#$01(@#1<'B"+($N1@H$&+8$

N1@H"'@$LM.)'(1"+$;-(@#1.B"+$

L(B4&+8$
LM.)'(1"+$

#-(@#1.B"+$
b-&+$

A@&+8&#8$

8->1&B"+$
b-81&+$

s@H$

5-#.-+B)-$

Is@H$

5-#.-+B)-$

%6%L$ U"$ \:C$ [:s$ \:[$ iE:I$ d:E$

*33+
,-.$ U"$ E:s$ CE:C$ E:[$ iCD:C$ Cd:s$

%6%L$ Y-($ \:C$ C:[$ \:C$ C:[$ s:C$



rag
Rectangle



rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Pencil

rag
Oval



rag
Line

rag
Line

rag
Line

rag
Line

rag
Line

rag
Line



rag
Rectangle



1953 cohort, 2 bins

rag
Highlight



 9  12  10
 7  12  10
 5  10  16
 8   8  14
 9   7  15
11   7  12
12   7  12
13   7  11
10  15   5
 9  15   7
12  12   6
17  10   4

12x3 table 1950 cohort, single basket

rag
Oval



Example 1 draft lottery, AIR

rag
Rectangle

rag
Rectangle

rag
Rectangle

rag
Line

rag
Line

rag
Line

rag
Line

rag
Pencil

rag
Rectangle



ITT

rag
Rectangle

rag
Highlight

rag
Line

rag
Rectangle

rag
Rectangle

rag
Line



P1: FQK/FGD P2: FQK/FPO P3: FQK

March 16, 2000 12:59 AR-100 CHAP-07

?
132 LITTLE ■ RUBIN

be observed, particularly whenK is large, these methods by necessity need to
make relatively strong modeling assumptions to make inferences feasible. Never-
theless, if the assumptions are plausible, answers are likely to be superior to those
obtained by methods that fail to take into account the sequential nature of the
treatment allocation process.

When the probability of treatment assignment is allowed to depend on covariates
or recorded outcomes and hence varies from unit to unit, the individual assign-
ment probabilitiespi ≡ P(Wi | Xi ,Yobs) are called propensity scores (54, 74). For
Neymanian inference, they are required to be strictly between 0 and 1, and they are
key quantities in the analysis. When the propensity scores are known, the assign-
ment mechanism is essentially known, and simple generalizations of Fisherian and
Neymanian modes of inference can be applied. In particular, Horvitz-Thompson
estimation (27), in which observations are weighted by the inverse probabilities of
their being observed, plays a key role for both modes of inference. An important
point is that when there is little or no overlap in the propensity scores in the treat-
ment groups, no causal inference is possible without strong external assumptions
(60).

With Bayesian inference, an unconfounded assignment mechanism is ignorable
(62), so that, after including the covariates that determine the assignment probabil-
ities or an adequate summary (such as, possibly, the vector of propensity scores in
the model), analysis in principle proceeds as in a classical randomized experiment.
In this situation, however, there can be much greater sensitivity to model specifica-
tion than in a classical randomized experiment. This sensitivity is the Bayesians’
analog of the increased variance of the Horvitz-Thompson estimator in unbalanced
designs and the decreasing power in such designs as they become more unbalanced.

THREATS TO UNCONFOUNDED TREATMENT
ASSIGNMENT

Introduction

Randomized studies with full compliance and no missing data are relatively easily
analyzed by the methods described above. However, in practice, inference for
causal effects is often complicated by lack of compliance and incomplete data.
The potential outcome formulation provides conceptual clarity and a set of tools
for negotiating these complications. In the next section we consider the issue of
noncompliance, and later we consider the issue of missing data.

Noncompliance

Analysis of a randomized study is complicated when subjects do not comply
with their assigned treatment. An intention-to-treat (ITT) analysis compares the
outcomes of subjects by randomization groups (an as-randomized analysis), ignor-
ing the compliance information. The ITT effect measures the effect of treatment
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randomization rather than the effect of treatment for those who actually received
it. The ITT estimator is protected from selection bias by randomized treatment
assignment, but in general is a distorted measure of the effect of the treatment
itself. Alternatively, subjects can be classified by the treatments actually received
(an “as-treated” analysis). The problem then is that randomization is violated,
and confounding factors associated with switching from the assigned treatments
potentially corrupt the causal interpretation of treatment effects.

The potential outcome definition of causal effects provides a useful basis for
understanding noncompliance problems and assumptions implied by various esti-
mation strategies (1, 28, 29). Participants are classified as one of four types, com-
pliers, defiers, never-takers, and always-takers, in the context of this experiment.
Compliers are people who would adopt whatever treatment is assigned, never-
takers are people who would take the control treatment regardless of what they are
assigned, always-takers would take the active treatment regardless of what they
are assigned, and defiers are those who would adopt the opposite treatment to
their assignment. LetC denote the compliance indicator of the participant, where
C = 1 for compliers andC = 0 for all noncompliers: defiers, never-takers, and
always-takers.

In practice, we observe compliance status only for the assigned treatment, so
the full compliance status of subjects is incompletely observed. Specifically, if a
subject is assigned to the new treatment and complies, then that subject may be
a complier or an always-taker. If a subject is assigned to the new treatment and
fails to comply, then that subject may be a never-taker or a defier. If a subject is
assigned to the control and complies, then that subject may be a complier or a
never-taker. If a subject is assigned to the control and obtains the new treatment,
then that subject may be an always-taker or a defier. Imbens & Rubin (28) treat
this partial information about compliance as a missing-data problem.

Let us make the SUTVA assumption, so that individual-level causal effects can
be defined without reference to other individuals in the study. For a respondent
assigned to groupW, let A(W) be the adopted treatment and letY(W) be the
potential outcome. The unit-level causal effect of treatment assignment (W) on
treatment adopted (A) is A(2)−A(1), and the unit-level causal effect of treatment
assignment (W) on outcome (Y) is Y(2)− Y(1). These unit level effects ofW on
A andY are generally not observable, because individuals cannot be assigned to
both the experimental and control treatments. However, the average ITT effects on
bothA andYcan be readily estimated by the averages over groups of respondents
in a randomized trial.

Another causal effect of interest in many studies of treatments is the Complier-
Average Causal Effect (CACE), which is the average causal effect for the subpopu-
lation of compliers, denoted byC = 1. For compliers,A(1)= 1 andA(2)= 2, and

CACE= E(Y(2)− Y(1) |C = 1) 5.

where the conditioning onC = 1 is identical to conditioning onA(1) = 1 and
A(2) = 2. The CACE is a valid causal effect because it is a summary measure
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of individual-level effects in a subpopulation of interest, namely compliers. The
CACE and the ITT effect capture two treatment features of potential interest—the
effect of the treatment on those who can be induced to take it in this experiment and
the overall impact of a treatment on the whole population, including noncompliers.

Two common methods of analysis, “as-treated” and “per-protocol” analysis,
are generally flawed because they do not estimate the CACE or any other useful
summary of individual-level causal effects (77). The as-treated analysis classifies
subjects by the adopted treatmentA(W) and estimates

E(Y(W) | A(W) = 2)− E(Y(W) | A(W) = 1)

This is not an average of individual-level causal effects, because it compares av-
erages ofY for groups with different characteristics. Specifically, it compares the
average outcome of those adopting treatment 2 (namely, compliers assigned treat-
ment 2, defiers assigned treatment 1, and always-takers assigned either treatment),
with the average outcome of those adopting treatment 1 (namely, compliers as-
signed treatment 1, defiers assigned treatment 2, and never-takers assigned either
treatment). A “per-protocol” analysis compares subjects who actually adopted
their assigned treatments and estimates

E(Y(2) | A(2)= 2)− E(Y(1) | A(1)= 1)

which is also not an average of individual-level causal effects. It compares the
outcomes of those who were assigned and adopted treatment 2 (i.e. compliers
and always-takers assigned to 2) with the outcomes of those who were assigned
and adopted treatment 1 (that is, compliers and never-takers assigned to 1). The
potential outcome formulation of causal effects helps to clarify the deficiencies
of these common analysis methods. The crux of the CACE formulation is the
distinction between the definition of a “true” complier (compliance underboth
treatments) and an “observed” complier (compliance under the treatment actually
assigned).

The CACE in Equation 5 is a valid causal estimand, but it is not immediately
obvious how to estimate it because the compliance statusCof individuals is gener-
ally unknown. However, the CACE can be estimated from the data under SUTVA
and random assignment ofW, if we make the following additional assumptions
(1):

1. Exclusion restriction of treatment assignment given treatment received: for
never-takers and always-takers, whose adopted treatment is the same
regardless of which treatment is assigned, the outcomeY is the same
regardless of which treatment is assigned; that is,Y(1)= Y(2) if
A(1)= A(2);

2. Monotonicity of treatment assignment and treatment adopted (there are no
defiers);

3. Nonzero denominator (the population includes some compliers).
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To derive an estimate of the CACE under these assumptions, note that:

E(Y(2)− Y(1))= E(Y(2)− Y(1) |C = 1)P(C = 1)

+ E(Y(2)−Y(1) |C 6= 1)P(C 6= 1) 6.

Under assumption 2, the treatment effect for never-takers and for always-takers is
identically zero. If, in addition, assumption 3 holds (there are no defiers), then the
second term on the right side of Equation 6 is zero, and

E(Y(2)− Y(1) |C = 1)= E(Y(2)− Y(1))/P(C = 1) 7.

that is, the CACE is the ITT effect divided by the proportion of compliers. Now
under randomized treatment allocation, the standard ITT estimator for the effect
of W on Y, the difference in sample meansȳ2 − ȳ1 is an unbiased estimate of
the numerator of Equation 7. Also, letp2 be the proportion of subjects in the
treatment group who adopt the new treatment, and letp1 be the proportion of
subjects in the control group who adopt the new treatment. Thenp2 is an unbiased
estimate of the proportion of compliers or always-takers (those who adopt the
treatment when assigned it), andp1 is an unbiased estimate of the proportion of
always-takers (those who adopt the treatment when assigned the control). Hence
p2 − p1 is an unbiased estimate of the proportion of compliers,P(C = 1). Thus
an approximately unbiased estimate of the CACE is

IVE= ȳ2− ȳ1

p2− p1
, 8.

which is the estimated ITT effect divided by difference in the proportions that
adopt the new treatment in the new treatment and control groups. Assumption 3
assures that the denominator in Equation 8 has a nonzero expectation. Equation
8 is sometimes called the instrumental variable (IV) estimator. See Sommer &
Zeger (81) and Ettner (13) for applications of this method. Our derivation of this
estimator makes explicit assumptions that are hidden in other formulations (5). In
particular, the exclusion restriction, assumption 1, plays a key role, and it is not a
consequence of randomization of treatments.

Another advantage of the potential-outcome formulation is that it leads to more
efficient estimators of the CACE than the IV estimator (Equation 8). Bayesian
formulations for inference about the CACE treat the compliance indicatorC as
missing data (23, 28), and they make use of iterative simulation techniques such
as data augmentation (83). The general topic of causal inference when there is
noncompliance is currently an active area of research (2–4, 12, 17, 18, 23, 37).

Missing Data

Missing data (32–34, 65, 76) is a pervasive problem in epidemiological and clinical
studies, particularly when they involve repeated measurements over time. Statis-
tical analyses when there are missing values are too often confined to simple and

A
nn

u.
 R

ev
. P

ub
lic

. H
ea

lth
. 2

00
0.

21
:1

21
-1

45
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.a
nn

ua
lr

ev
ie

w
s.

or
g

by
 S

ta
nf

or
d 

U
ni

ve
rs

ity
 -

 M
ai

n 
C

am
pu

s 
- 

R
ob

er
t C

ro
w

n 
L

aw
 L

ib
ra

ry
 o

n 
02

/1
8/

12
. F

or
 p

er
so

na
l u

se
 o

nl
y.

rag
Line

rag
Rectangle

rag
Line

rag
Rectangle

rag
Line

rag
Line

rag
Line

rag
Line



rag
Rectangle



Coronary Drug Project

Randomized, multi-center, double-blind, 
placebo-controlled trial of clofibrate for 
treatment for coronary heart disease

1103 men on clofibrate

2789 men on placebo

ITT analysis of 5-year mortality on clofibrate
was 20.0%, 20.9% on placebo (p=0.55)  

Example 1 Coronary drug  see handout front page
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Coronary Drug Project

There was speculation that good compliers 
would show the clofibrate benefit and poor 
compliers would have mortality similar to 
placebo subjects

Good compliance defined as 80% of protocol 
prescribed treatment taken
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Coronary Drug Project

In clofibrate subjects, mortality rates at 5 years 
were

Compliant: 15.0% 
Non-compliant: 24.6%

Subjects compliant with clofibrate had significantly 
lower mortality (p=0.0001)!
Explanatory analysis – compare compliant 
clofibrate subjects to subjects without adequate 
clofibrate intake (clofibrate noncompliers and 
placebo subjects) – significant!
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Coronary Drug Project

But, in placebo subjects, mortality rates at 5 
years were

Compliant: 15.1%
Non-compliant: 28.2%

Subjects compliant with placebo had 
significantly lower mortality (p < 0.0001)!
The explanatory analysis would miss this 
effect of compliance
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Coronary Drug Project

Clofibrate wasn’t more beneficial than placebo 

Compliance with assigned treatment was beneficial

The decrease in mortality of subjects complying 
with clofibrate shouldn’t be attributed to clofibrate
as would be done in an explanatory analysis

The ITT result of non-significant clofibrate effect is 
correct
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 Compliance as an Explanatory Variable

 in Clinical Trials

 B. EFRON and D. FELDMAN*

 The Lipid Research Clinics Coronary Primary Prevention Trial (LRC-CPPT) measured the effectiveness of the drug cholestyr-

 amine for lowering cholesterol levels. The patients in the study were measured for compliance (the proportion of the intended

 dose actually taken) and for cholesterol decrease. The compliance-response regression for the Treatment group shows a smooth

 increasing effect of the drug in cholesterol level with increasing compliance. However, a similar, though less dramatic, com-

 pliance-response regression is seen in the Control group. This article investigates the recovery of the true dose-response curve

 from the Treatment and Control compliance-response curves. A simple model is proposed, analyzed, and applied to the LRC-

 CPPT data. Under this model, part but not all of the true dose-response curve can be estimated.

 1. INTRODUCTION

 Figure 1 shows results from the Stanford portion of the

 Lipid Research Clinics Coronary Primary Prevention Trial

 (LRC-CPPT). This was a placebo-controlled double-blind

 randomized clinical trial concerning the efficacy of choles-

 tyramine for lowering cholesterol level and thereby reduc-

 ing coronary heart disease. Lipid Research Clinics Program

 (1984) describes the complete study.

 The left panel depicts the Treatment group, comprising

 164 men after removal of the one indicated outlier. The

 vertical axis is the decrease in total cholesterol level, while

 the horizontal axis indicates compliance (the proportion of

 the nominal cholestyramine dose actually taken). A "dose-

 response" relationship is quite evident: better compliance

 leads to a greater decrease in cholesterol level, as indicated

 by the quadratic regression curve. (More careful definitions

 of compliance and cholesterol differences are given in Sec-

 tion 3.)

 The right panel of Figure 1 shows the same plot for the

 placebo Control group, comprising 171 men after removal

 of one outlier. Compliance here has been adjusted to match

 the compliance distribution in the Treatment group, as dis-

 cussed in Section 3. Interestingly enough, there is a sig-

 nificant dose-response relation between compliance and

 cholesterol decrease in the placebo Control group, though

 of smaller magnitude than in the Treatment group.

 It seems unfortunate that compliance was so variable in

 this experiment, but a good argument can be made that the

 situation is actually more favorable to the investigator than

 if 100% compliance had been enforced. Figure 1 seems to

 indicate a nice dose-response relationship, which would not

 be visible if compliance had been perfect.

 The difficulty here of course is that compliance (and hence

 dose) has not been assigned in a randomized fashion by the

 investigators, as it would have been in a genuine dose-re-

 sponse experiment. Compliance is an uncontrolled covar-

 iate, and it may be that better compliers are better patients

 to begin with. In fact, the positive dose-response relation-

 * B. Efron is Max H. Stein Professor of Humanities and Sciences and
 Professor of Statistics and Biostatistics, Department of Statistics, Stan-
 ford University, Stanford, CA 94305. D. Feldman is an M.D. in Palo
 Alto, CA 94303. The authors are grateful to the editors and referees for
 an unusually helpful critique of the original manuscript, and to Dr. John
 Urquhart for originally suggesting the problem studied here.

 ship for the Control group indicates that this is certainly the

 case.

 This article concerns the proper interpretation of the data

 in Figure 1. What would we have seen if 100% compliance

 had been enforced? To what degree can we estimate the

 actual dose-response relationship? Section 2 discusses a

 simple model, which is applied to the LRC-CPPT data in

 Section 3. Some final remarks are made in Section 4.

 Because of the special nature of compliance, the ques-

 tions considered here are not standard problems of covar-

 iate adjustment, as discussed for example in Koch et al

 (1982). First of all compliance is an adjustable covariate,

 unlike, say, age. What we would see if 100% compliance

 were enforced is a different question than what we would

 see if all patients were 60 years old. The former question

 concerns changing everyone's compliance to 100%, while

 the latter presumably refers to considering only the popu-

 lation of 60-year-olds.

 Second, unlike other adjustable covariates (such as ex-

 ercise level), compliance has a different meaning in the

 Treatment of Control groups. Compliance determines the

 amount of active drug taken for Treatment group patients

 and also indicates something about the patient's psycho-

 logical status. In the Control group, only the psychological

 component of compliance applies.

 Third, the Treatment and Control groups should behave

 identically at the 0% end of the compliance scale, since
 there is no distinction between 0% compliance with an ac-

 tive drug or with a placebo. This seems to be the case in

 Figure 1, and is in fact the case for experiment LRC-CPPT,

 as standard hypothesis tests will confirm in Section 4.
 The results of the LRC-CPPT focused considerable at-

 tention on compliance as an important explanatory variable
 in clinical trials. Cholestyramine's package labelling now

 includes a compliance-based dose-response curve; see Ur-

 quhart and Chevalley (1988). A recently developed elec-
 tronic monitor for pill bottles makes compliance data of
 quality superior to that from LRC-CPPT (which was based
 on packet counts) available for most clinical trials. See

 Chevalley and Urquhart (1987).

 The goal of this article, beyond analysis of the LRC-CPPT

 ? 1991 American Statistical Association
 Journal of the American Statistical Association

 March 1991, Vol. 86, No. 413, Applications and Case Studies

 9
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 10 Journal of the American Statistical Association, March 1991
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 Figure 1. Stanford portion of LRC-CPPT. Left Panel: Treatment group, 164 men (after removal of outlier indicated by +); vertical axis is
 decrease in total cholesterol; horizontal axis is compliance (the proportion of the nominal choelstyramine dose actually taken). Better compliance
 leads to larger decreases in total cholesterol, as indicated by the quadratic regression curve. Right Panel: Placebo Control group, 171 men
 (after removal of outlier +); compliance has been adjusted to match the distribution of compliance in the Treatment group. There is a smaller,
 but still significant, dose-response relationship between compliance and cholesterol decrease, indicated by the linear regression line.

 data, is to establish a moderately general framework for

 making use of compliance data in clinical trials. The theory

 presented here is intended to supplement rather than to re-

 place the more conservative intent-to-treat analysis, which

 in its simplest form is just a two-sample test for equality

 between the Treatment and Control groups, ignoring cov-

 ariate information. The LRC-CPPT results are too clear-cut

 to make such a test interesting, but in more ambiguous sit-

 uations it can, because of its assumption-free basis, play a

 decisive role.

 2. DOSE-RESPONSE AND COMPLIANCE-RESPONSE

 We are interested in recovering the true dose-response

 curve from the compliance-response curves shown in Fig-

 ure 1. This section discusses a simple model relating dose,

 compliance, and response. We will see that it is impossible

 to recover the full dose-response curve in general, but that

 we can always estimate certain important aspects of it. In

 the special situation where the true dose-response curve is

 linear, it can be estimated in its entirety.

 Our theory addresses certain hypothetical questions, such

 as what results would have been seen if all patients com-

 plied perfectly. We will use Rubin's theory of causality, as

 nicely described in Holland (1986), to phrase such ques-

 tions and their answers clearly. See also Holland (1988).

 Rubin's theory begins with a population U of possible pa-

 tients, u representing an individual member of U. The set

 of patients actually enrolled in the study, those represented

 in Figure 1, is obtained by some sampling scheme from U

 which need not be specified for the purposes here.

 Let YO(u) represent patient u's placebo-response, in our
 case the cholesterol decrease experienced by patient u if

 zero amount of the drug is taken. YO(u) is defined for all
 patients u in U, but only observed for patients in the Con-
 trol group of the study, or for those in the Treatment group
 who had zero compliance. Let z(u) be patient u's compli-
 ance, measured as the proportion of nominal dose actually
 taken (the horizontal axis in Figure 1); z(u) is observed for

 all patients in the study. Both YO(u) and z(u) are considered
 to be inherent properties of the patients, what Holland calls
 "attributes," which may or may not be observed depending
 on the sampling and treatment assignment schemes em-

 ployed. (See Remark B.)

 We can imagine giving each patient u every possible dose

 X of the active drug. Here X is measured in the same units
 as z, as the proportion of nominal dose, so 0 c X c 1. The
 model we will use relates Yx(u), the response (cholestral
 decrease) of patient u, to the amount X of the active drug

 and the placebo response YO(u), as follows:

 Yx(u) = Gx + (1 + Hx)YO(u) + ex(u). (2.1)

 Gx and Hx are continuous functions of X, with

 Go= Ho = 0; (2.2)

 ex(u) is a disturbance term satisfying

 eo(u) = 0 and E{ex I Z} = 0. (2.3)
 Model (2.1)-(2.3) is further discussed later (see Remark
 A).

 The true dose-response curve 8(X) is defined as the av-
 erage net effect on response of giving all patients amount
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 Efron and Feldman: Compliance as an Explanatory Variable 11

 X of the active drug rather than amount zero,

 6(X) E{Yx - Yo} (2.4)

 Expectations and conditional expectations are defined as the

 appropriate averages over U, so E{Yx - Yo} = 12,eu(Yx(u)
 - YO(u))/N, N being the number of elements in U. Expres-
 sion (2.4) is what Rubin and Holland call the average causal
 effect of X on response. From (2.1)-(2.3) we calculate

 5(X) = Gx + HxCo, (2.5)
 where

 Co E{Yo}, (2.6)

 the average placebo-response over all of U.

 In a true dose-response experiment, the statistician gets
 to observe Yx(u) for different values of X on randomly se-
 lected patients u. This makes estimation of 8(X) straight-
 forward. The situation is more complicated here. Two more

 definitions are necessary to define what is actually being
 observed in Figure 1.

 Let s(u) indicate patient u's group assignment,

 s(u) = 0 if u assigned to Control group

 = 1 if u assigned to Treatment group. (2.7)

 In a completely randomized experiment like LRC-CPPT,
 the statistician determines s(u) by independent flips of a fair
 coin. [In practice s(u) is determined only for patients u se-
 lected into the study, but we can think of it as defined over

 all of U.] Also let x(u) be the amount of active drug actually
 taken by patient u, so

 x(u) = s(u) * z(u); (2.8)

 x(u) = 0 in the Control group, and x(u) = z(u) in the Treat-
 ment group.

 The observed response for patient u is

 y(u) = GX(U) + (1 + Hx(u))YO(u) + ex(u)(u) (2.9)

 according to (2.1), (2.8). This is the quantity plotted along
 the vertical axis in Figure 1. Let yc(u) indicate a Control
 group response, that is y(u) for a patient u having s(u) =
 0, and likewise write yT(u) for a Treatment group response.
 The previous definitions give

 Yc(u) = YO(u) (2.10)
 and

 yT(u) = Gz(u) + (1 + Hz(u))Yo(u) + eZ(u)(u). (2.11)

 The compliance-response regression functions C(z)

 E{yc I z} = E{y I s = 0, Z} and T(z) =E{YT I Z} = E{y I s
 = 1, z} are obtained from (2.10), (2.11),

 C(z) = E{Yo I z} (2.12)
 and

 T(z) = GZ + (1 + Hz)E{Yo I z}. (2.13)

 These are the functions estimated by the linear and qua-
 dratic curves in Figure 1. We will be particularly interested
 in the difference between the two regressions, the observed

 dif0ference D(z),

 D(z) T(z) - C(z) = GZ + HzE{Yo I z}

 = Gz + HZC(z). (2.14)

 The observed difference D(z) is an obvious first guess
 for the true dose-response function 8(z). Comparing (2.14)
 with (2.5), (2.6) gives a simple but important result:

 Lemma. Under model (2. 1)-(2.3), the observed differ-
 ence D(z) and the true dose-response 8(z) satisfy

 D(z) - 8(z) = HZ -{C(z) - Co}. (2. 15)

 In practice we can estimate C(z) and D(z) from the com-
 pliance-response data, as in Figure 1. But we want to es-

 timate the true dose-response function 8(z). Relation (2.15)
 shows the limitations on estimating 8(z):

 1. For any given compliance-response regressions C(z)
 and D(z), there is a family of possible dose-response func-
 tions 8(z),

 8(z) = D(z) -HZ {C(Z) - Co}, (2. 16)

 corresponding to different choices of HX in (2.1). In gen-
 eral, 8(z) is not completely identifiable under model (2.1)-
 (2.3).

 2. If we assume HX 0, then 8(z) D(z). Setting HX
 -0 amounts to assuming no interaction between X and

 YO(u) (see Remark A), so the no-interaction assumption
 makes 8(z) directly estimable from D(z).

 3. Let zo be a value of the compliance z such that

 C(zo) = CO = E{Yo}. (2.17a)
 Then

 8(zo) = D(zo), (2.17b)

 no matter what the interaction HX may be. In other words,
 8(z) and D(z) always intersect at z = zo.
 4. If C(z) is linear, then the intersection value zo is given

 by

 zo= E{z}, (2.18)

 since a linear regression passes through the point (zo, C(zo)).
 5. The curves 8(z) and D(z) always intersect at two points

 in the plane, namely (0, 0) and (zo, D(zo)) (see Remark C).
 Therefore, if we assume that 8(z) is linear, it can be fully
 estimated from the compliance-response data via the esti-

 mation of zo and D(zo).
 These points are illustrated by the quadratic model shown

 in Figure 2, a simple example of model (2.1)-(2.3), which
 will be used in Section 3 as part of the analysis of the LRC-

 CPPT data. The quadratic model assumes C(z) and Hz lin-
 ear, and D(z) quadratic,

 C(z) = cO + c1z, D(z) = dlz + d2z2,
 (2.19)

 Hz= hlz.

 [This is equivalent to model (2.1), (2.3) with Gz = glZ +
 g2Z2, Hz = h1z, and E{Yo | z}-- c0 + c1z, where (gl, g2) =
 (d - h1c0, d2 -h1c1).] Since C(z) is linear, (2.18) gives
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 Efron and Feldman: Compliance as an Explanatory Variable 13

 For the quadratic model (2.19), we can express (2.27) as

 clhl - d2 ' Q(Z),

 c1 (var{ y zl1/2
 Q(Z) _ IT l Zi - d2. (2.28)

 z varl y, I z}

 The function Q(z) is estimable from the data in Figure 1.

 In Section 3 we will use (2.28) to show that h, is probably
 less than d2/cl for the LRC-CPPT study, so that 8(1) is
 probably greater than the linear extrapolate in Figure 2.

 3. THE LRC-CPPT DATA

 The dose-compliance-response model decribed in Sec-

 tion 2 will now be used to analyze the LRC-CPPT data, as

 it appears in Figure 1. We begin with a more careful de-

 scription of the variables involved. See Lipid Research Clinic

 Program (1984) for further details.

 1. The patients were men aged 35 to 59 years with high

 initial cholesterol levels (total plasma cholesterol level greater

 than 265).

 2. Two baseline cholesterol measurements were taken

 for each patient, one before and one after a low-cholesterol

 diet was suggested to them.

 3. Patients were subsequently observed at two-month in-

 tervals, for a period averaging 7.3 years.
 4. The nominal dose was six 4-gram packets per day of

 cholestyramine. This was reduced for some patients who
 could not tolerate 24 grams per day.

 The quantity y, labelled cholesterol decrease in Figure 1,
 is

 y = .25 - (prediet baseline cholesterol)

 + .75 (postdiet baseline cholesterol)

 - (average of all subsequent cholesterol readings).

 (3.1)

 The weights .25, .75 were chosen as nearly optimal on the

 basis of a preliminary regression analysis; see Remark F.
 Patients returned unused packets of cholestyramine or pla-
 cebo at each visit. Compliance was the proportion of as-

 signed packets not returned, averaged over all visits. There
 are some obvious weaknesses of this compliance measure

 compared with the newly available electronic compliance
 monitoring, so the strength of the regression relationships
 in Figure 1 is perhaps surprising.

 Perfect Blind Assumption. Figure 3 compares compli-
 ance in the two groups. It is obvious that compliance was
 better for the Controls, violating the perfect blind assump-

 tion that (YO, z) has the same joint distribution in both groups.
 As a simple corrective, each Control compliance Zc was
 mapped into ?c = m(zc), where m was defined in terms of
 FT and FC, the cumulative distribution functions (cdf) for
 the Treatment and Control groups respectively,

 Zc=m(zc)--F TFC(ZC). (3 .2)

 Mapping (3.2) makes the 171 ?c values for the Control
 group have nearly the same empirical distribution as the

 1.0 1

 .8

 .6 Treatment Group

 d .5
 f

 .4

 .2 - < > Control Group

 0

 .0 .20 .40 .60 .80 1.00

 conpliance

 Figure 3. Compliance cdf's in the Treatment and Control groups.
 Compliance was significantly higher in the Control group. The average
 compliance for the Treatment group was zo = .601.

 164 ZT values for the Treatment group. In particular, the

 average value of the ZC is nearly the same as the ZT average,
 zo = .601.

 In all of our analyses, what is called "compliance" for

 the Control group is actually the adjusted compliance, (3.2).

 Accepting result (2.15) amounts to believing that E{YOT I ZT

 = z} = E{Yoc I ZC = z}, in particular for z = zo. Here (YOT,
 ZT) is (YO, z) for a random patient put into the Treatment
 group, and likewise (Yoc, c) is (Y0, m(z)) for a random
 patient put into the Control group. See Remark G.

 Variance Structure. Figure 4 displays regression per-

 centiles for the Treatment and Control data obtained by the

 method of asymmetric least squares; see Efron (1988). These

 are estimates of the conditional percentiles of cholesterol

 difference y given compliance z. The Treatment group clearly
 shows increasing variability of y given z as we move toward

 the high end of the compliance scale: the percentiles are
 about 2.11 times as far apart of z = 1.00 as at z = 0. The

 Control group percentiles, except for the lowest one, show
 this same effect though less dramatically: the percentiles

 are about 1.35 times as far apart at z = 1.00 as at z = 0.

 We will use the following values for the conditional vari-

 ances in the Treatment and Control groups, VT, var{yT|
 ziJ and vc, var{ycI zJ,

 VTi = 471.52 + 485.00(z, - zo)

 vCl = 198.09 + 128.33(z, - zO), (3.3)

 where zo = .601, the average compliance. (For vcl, z1 is
 actually the adjusted value ?,, as it will be from now on
 unless noted otherwise.)

 The numerical coefficients in (3.3) were obtained by first

 running an ordinary least squares regression of cholesterol
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------------------------------

Problem 5

From the Booil Jo presentation slides in lecture, consider the
JHU PIRC Intervention Study: N=284 

Estimate Intervention Effects With Noncompliance

The Johns Hopkins Public School Preventive Intervention Study was 
conducted by the Johns Hopkins University Preventive Intervention 
Research Center (JHU PIRC) in 1993-1994 (lalongo et al., 1999~ 
The study was designed to improve academic achievement and to 
reduce early behavioral problems of school children. Teachers and 
first-grade children were randomly assigned to intervention 
conditions. The control condition and the Family-School 
Partnership Intervention condition are compared in this example. 
In the intervention condition, parents were asked to implement 66 
take-home activities related to literacy and mathematics over a 
six-month period.  One of the major outcome measures in the JHU 
PIRC preventive trial was the TOCA-R (Teacher Observation of 
Classroom Adaptation)
• Completed at least 45 activities = compliers.

• Outcome: change score (baseline - followup) of anti-social behavior .

From the means and compliance data given in the class materials
(also linked Booil talk)
compute treatment effect estimate of change in anti-social
behavior: give ITT estimate and CACE estimate

------------------------------------
Problem 6
Artificial data in the image of Efron-Feldman

data frame containing Compliance, Group, and Outcome in
file http://web.stanford.edu/~rag/stat209/hw7efdata

Obtain ITT  estimate of group (treatment) effect with a
confidence interval.
Try using G as an instrument for the Y ~ comp regression.
What does that produce?

Alternatively use the Rubin formulation with a dichotomous
compliance indicator defined as TRUE for compliance > .8
in these data. What is your CACE estimate. What assumptions
did you make? Compare with ITT estimate.

=============================
end HW7 2018
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Principal Strati� cation Approach to Broken
Randomized Experiments: A Case Study

of School Choice Vouchers in New York City
John BARNARD, Constantine E. FRANGAKIS, Jennifer L. HILL, and Donald B. RUBIN

The precarious state of the educational system in the inner cities of the United States, as well as its potential causes and solutions, have been
popular topics of debate in recent years. Part of the dif� culty in resolving this debate is the lack of solid empirical evidence regarding the
true impact of educational initiatives. The ef� cacy of so-called “school choice” programs has been a particularly contentious issue. A current
multimillion dollar program, the School Choice Scholarship Foundation Program in New York, randomized the distribution of vouchers in
an attempt to shed some light on this issue. This is an important time for school choice, because on June 27, 2002 the U.S. Supreme Court
upheld the constitutionality of a voucher program in Cleveland that provides scholarships both to secular and religious private schools.
Although this study bene� ts immensely from a randomized design, it suffers from complications common to such research with human
subjects: noncompliance with assigned “treatments” and missing data. Recent work has revealed threats to valid estimates of experimental
effects that exist in the presence of noncompliance and missing data, even when the goal is to estimate simple intention-to-treat effects. Our
goal was to create a better solution when faced with both noncompliance and missing data. This article presents a model that accommodates
these complications that is based on the general framework of “principal strati� cation” and thus relies on more plausible assumptions than
standard methodology. Our analyses revealed positive effects on math scores for children who applied to the program from certain types of
schools—those with average test scores below the citywide median. Among these children, the effects are stronger for children who applied
in the � rst grade and for African-American children.

KEY WORDS: Causal inference; Missing data; Noncompliance; Pattern mixture models; Principal strati� cation; Rubin causal model;
School choice.

1. INTRODUCTION

There appears to be a crisis in America’s public schools.
“More than half of 4th and 8th graders fail to reach the most
minimal standard on national tests in reading, math, and sci-
ence, meaning that they probably have dif� culty doing grade-
level work” (Education Week 1998). The problem is worse
in high poverty urban areas. For instance, although only 43%
of urban fourth-graders achieved a basic level of skill on a
National Assessment of Educational Progress (NAEP) reading
test, a meager 23% of those in high-povertyurban schools met
this standard.

One of the most complicated and contentious of educational
reforms currently being proposed is school choice. Debates
about the equity and potential ef� cacy of school choice have in-
creased in intensity over the past few years. Authors making a
case for school choice include Cobb (1992), Brandl (1998), and

John Barnard is Senior Research Statistician, deCODE Genetics, Waltham,
MA-02451 (E-mail: john.barnard@decode.is). Constantine E. Frangakis is
Assistant Professor, Department of Biostatistics, Johns Hopkins University,
Baltimore, MD 21205 (E-mail: cfrangak@jhsph.edu). Jennifer L. Hill is As-
sistant Professor, School of International and Public Affairs, Columbia Univer-
sity, New York, NY 10027 (E-mail: jh1030@columbia.edu). Donald B. Rubin
is John L. Loeb Professor of Statistics and Chair, Department of Statistics, Har-
vard University, Cambridge, MA 02138 (E-mail: rubin@stat.harvard.edu). The
authors thank the editor, an associate editor, and three reviewers for very help-
ful comments; David Myers and Paul E. Peterson as principal coinvestigators
for this evaluation; and the School Choice Scholarships Foundation (SCSF) for
cooperating fully with this evaluation. The work was supported in part by Na-
tional Institutes of Health (NIH) grant RO1 EY 014314-01, National Science
Foundation grants SBR 9709359 and DMS 9705158; and by grants from the
following foundations: Achelis Foundation, Bodman Foundation, Lynde and
Harry Bradley Foundation, Donner Foundation, Milton and Rose D. Friedman
Foundation, John M. Olin Foundation, David and Lucile Packard Foundation,
Smith Richardson Foundation, and the Spencer Foundation. The authors also
thank Kristin Kearns Jordan and other members of the SCSF staff for their co-
operation and assistance with data collection, and Daniel Mayer and Julia Kim,
from Mathematica Policy Research, for preparing the survey and test score data
and answering questions about that data. The methodology, analyses of data,
reported � ndings and interpretations of � ndings are the sole responsibility of
the authors and are not subject to the approval of SCSF or of any foundation
providing support for this research.

Coulson (1999). A collection of essays that report mainly pos-
itive school choice effects has been published by Peterson and
Hassel (1998). Recent critiques of school choice include those
by the Carnegie Foundation for the Advancement of Teaching
(1992), Cookson (1994), Fuller and Elmore (1996), and Levin
(1998).

In this article we evaluate a randomized experiment con-
ducted in New York City made possible by the privately-funded
School Choice Scholarships Foundation (SCSF). The SCSF
program provided the � rst opportunity to examine the ques-
tion of the potential for improved school performance (as well
as parental satisfaction and involvement, school mobility, and
racial integration) in private schools versus public schools us-
ing a carefully designed and monitored randomized � eld exper-
iment. Earlier studies were observational in nature and thus sub-
ject to selection bias (i.e., nonignorable treatment assignment).
Studies � ndingpositive educationalbene� ts from attendingpri-
vate schools include those of Coleman, Hoffer, and Kilgore
(1982), Chubb and Moe (1990), and Derek (1997). Critiques
of these studies include those of Goldberger and Cain (1982)
and Wilms (1985). On June 27, 2002, the U.S. Supreme Court
upheld the constitutionalityof a voucher program in Cleveland
that provides scholarships both to secular and religious private
schools.

As occurs in most research involving human subjects, how-
ever, our study, although carefully implemented, suffered from
complicationsdue to missing backgroundand outcomedata and
also to noncompliance with the randomly assigned treatment.
We focus on describing and addressing these complications in
our study using a Bayesian approach with the framework of
principal strati� cation (Frangakis and Rubin 2002).

We describe the study in Section 2 and summarize its data
complications in Section 3. In Section 4 we place the study in

© 2003 American Statistical Association
Journal of the American Statistical Association

June 2003, Vol. 98, No. 462, Applications and Case Studies
DOI 10.1198/016214503000071
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