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The ethics of consulting for the tobacco industry
DB Rubin Departm ent of Statistics, Harvard University, Cambridge, MA, USA

This article describes how and why I became involved in consulting for the tobacco industry. I briey
discuss the four relatively distinct statistical topics that were the primary focus of my work, all of which
have been central to my published academic research for over three decades: missing data; causal inference;
adjustment for covariates in observational studies; and meta-analysis. To me, it is entirely appropriate to
present the application of this academic work in a legal setting.

Introduction
For several years I have consulted for the tobacco industry in the context of their
litigation with major plaintiffs (e.g., the Attorneys General of various states and the
United States Federal Government). The four topics of my work have been: (1) to
describe the proper way to handle missing values in large databases; (2) to formulate the
statistica lly correct way to calculate the damages due to the alleged misconduct of the
tobacco industry; (3) to describe how to conduct reliable adjustments for differences
between smokers and nonsmokers on background variables when calculating the
relative risks of various smoking behaviours; and (4) to summarize the evidence,
based on three decades of studies, concerning what sorts of interventions work to
curtail smoking, both its initiation and its cessation. I have never produced any specic
numbers for damages in any of my expert reports, although I have written a variety of
such reports, and have been deposed a number of times (see Appendix A). I testied in
one trial—Minnesota (described in reference 1), primarily on two topics: the unreliability of ad hoc methods for handling missing data; and the unreliability of relying on
regression adjustments to control for many background variables when comparing
smokers and nonsmokers.
I have been invited to present my work on these four topics in many academic
settings, including: American Statistica l Association meetings; Columbia University—
Statistics Department; UCLA—Biostatistics Department; Harvard University—Statistics
and Health Care Policy Departments; Centers for Disease Control and Prevention;
Wharton School—Statistics Department; University of California , Irvine—Statistics
Group; and for the American Public Service Health Association’s Lowell Reed Lecture.
Moreover, I have published aspects of this work in a variety of places.2 – 7 I have also
used the tobacco example and my work on it in my classes on causal inference at
Harvard University.
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Personally, I have experienced essentia lly no hostility at any of these presentations,
although at times there has been substantial hostility toward the tobacco industry,
which I do not combat. I am defending the importance of honest and competent
statistics, that is all.

Some personal history
When I was rst contacted by a tobacco lawyer, I was very reluctant to consult for
them, for the standard ‘politically correct’ reasons, and I feared strong pressure to be
dishonest, which there was none throughout. The original topic was simply to comment
on the ways the plaintiffs’ experts were handling missing data. On examination, their
methods were, at best, three decades out of date, and, at worst, entirely silly (e.g., when
missing ‘marital status’, call them ‘married’).
As I continued to read these initial reports I was appalled that hundreds of billions of
dollars could be sought on the basis of such analyses. From a broader perspective, the
logic underlying most of the analyses also seemed to me entirely confused. For example,
misconduct seemed to play no role in nearly all calculations, and phrases such as
‘caused by’ or ‘attributable to’, were used nearly interchangeably and often apparently
without thought. Should nearly a trillion dollars in damages be awarded on the basis of
faulty logic and bad statistica l analyses because we ‘know’ the defendant is evil and
guilty? If the issue were assessing the tobacco industry a trillion dollar ne for lying
about its products, I would be amazed but mute. But these reports were using statistica l
arguments to set the numbers—is it acceptable to use bad statistics to set numbers
because we ‘know’ the defendant is guilty? What sort of precedent does that imply?
An experience from three and a half decades earlier weighed on me. After some
evening party in graduate school, I had gone back to my car to nd two ‘punks’ (looked
14) had just broken into it. Having enough alcohol in me to feel relatively fearless, I
confronted them, and as we were arguing, a police car drove by and stopped to
investigate. While discussions transpired, one of the kids let a switchblade fall to the
street. The policeman picked it up, the kid denied having it, etc. Both kids were arrested
and I drove home.
A couple of days later, I was called to testify in court against them. Missing classes, I
dutifully went to court at 8 am, where the arresting ofcer wanted to meet with me to
‘get our stories straight’ before any testifying began. The ‘straight’ story was that the
kids and I were ghting when the police arrived and the bad kid had the switchblade
out and was attacking me, but the policeman saved me by taking the dagger away. Well
no, it was not that way, I reacted. But, he said, these are real bad kids (grass smoking,
glue snifng, petty thieving, etc.), and with this ‘assault with a deadly weapon’ charge,
we could put them away—get them out of our neighbourhoods where they are a bad
inuence on other kids, etc. No, I would not do it. I would tell the truth—get them for
what they did do; I would not lie and get them for something they did not do just
because they are evil. I was rm.
The case did not come before the judge that day. The next day I returned prepared to
spend another day away from classes so that I could ‘protect’ the evil kids. The
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policeman again tried to persuade me of the ethics of their position and I again refused
to co-operate. The case was again not heard that day.
I never returned and I have always felt that I was being unethical not to be there to
testify to what I knew to be true, even if it would be used to defend evil defendants.
How to handle missing data in public-use data sets
As mentioned at the start, the initial issue for my consulting was commenting on the
methods used by the plaintiffs’ experts to handle missing data in their analyses. These
methods to me clearly used obsolete, inappropriate techniques for the imputation of
missing data in publicly available data bases (e.g., NMES, the National Medical
Expenditure Survey). I had been involved in a variety of projects for US federal agencies
concerning multiple imputation of public use data sets for many years (e.g., the Census Bureau and the census, 8 the Internal Revenue Service, 9 the National Center for
Health Statistics, 1 0 National Highway Trafc Safety Administration and its Fatal
Accident Reporting System1 1 ). Although the agency then responsible for NMES (the
Agency for Health Care Policy and Research) had expended an enormous amount of
effort to impute missing medical costs, it was all singly imputed and much of it was
based on a crude ‘hot-deck’, a method I had been criticizing for more than two
decades.1 2 Also, I considered what most ‘experts’ did with the other missing data in
NMES to be even less principled than what the Agency had done.
Since I had been advocating the use of principled methods for the analysis of missing
data for a quarter of a century (e.g., EM;1 3 the standard terminology ‘missing at
random’, etc., was dened in reference 14; I have been developing multiple imputation
since 1977 1 5 ,1 6 ), I considered it relatively unethical to remain silent on how missing
data should be handled in any situation involving such databases and certainly in a
situation where nearly a trillion dollars were being sought on the basis of analyses of
such data. With respect to the NMES data set, my attempt to implement something
substantia lly more valid than what had been done is described in reference 6. Also I
understand that plaintiffs’ expert Harrison has done some multiple imputation of
NMES and found the results helpful. 1 7 This situation also stimulated a PhD thesis at
Harvard to deal with some of the computational complexities of NMES, i.e., it led to
the creation and study of ‘nested’ multiple imputations. 1 8
A framework for estimating the causal e¡ects of the
tobacco industry’s alleged misconduct
The second topic for my consulting was focused on causal inference, in the sense of
trying to estimate the effect of the tobacco industry’s misconduct, not the effect
of the health risks of smoking, which have been ‘known’ for at least a century
(e.g., cigarettes have been called ‘cofn nails’ since 1885 and ‘cancer sticks’ for
years, 1 9 and Nazi Germany under Hitler had a vigorous campaign against cigarettes
because of their health risks, 2 0 ). My task was how to formulate and conduct this
causal inference correctly, using concepts and terms (such as relative risks, attributable
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risks, etc.) accepted by the plaintiffs’ experts, the Surgeon General, etc., and already
introduced to the court (judge and jury). This formalization was published in references
3 and 5 and was invited to be presented at the Centers for Disease Control and
Prevention as well as at the American Association for Public Health. Since I had been
working on problems of causal inference in the late 1960s in my PhD thesis work with
my advisor, Bill Cochran, and have continued to do so to this day, I found it completely
ethical to apply everything I knew to formulate this framework. In fact, Bill, who was a
tremendous inuence on me, taught me that statistics as a eld should pursue truth with
full vigour and not be dissuaded by political pressure: pretending that things are true
that are false does not help solve problems. This framework specied the tasks that
were needed to estimate the effect of the tobacco industry’s alleged misconduct,
including clarifying the necessary assumptions and the associated demands on data.
Most of the required tasks in this framework involved the estimation of actual world
quantities: ‘pots’ of dollars for medical expenditures; the prevalence of different types of
smoking behaviours; and the actual world relative dollar risks of smoking behaviours,
all at a very detailed level (e.g., by age, sex, race, etc.). The need for this detail is for the
purpose of justifying a key assumption, discussed relatively briey in references 3 and 5.
This assumption is described more completely in reference 21, but in a relatively
unpolished form and I hope to have a more careful version of this exposition available
as a Journal of the Royal Statistical Society Series A publication because I think
the critica l issues are generally not well understood, or at least well described, in the
litera ture. A nal task in this framework involved the need to ‘estimate’ the counterfactual world prevalences of smoking behaviours.
The way to estimate the actual world relative risks reliably was my third consulting
topic and the review of literature relevant to the counterfactual world prevalences was
my nal topic.

Reliable adjustment for background factors when
estimating relative risks
When estimating the relative risks of smoking, all of the plaintiffs’ experts attempted to
do some adjustment for background differences between smokers and nonsmokers,
minimally for sex and at least coarse age, and sometimes as with Harrison, 2 2 for many
factors. As indicated above, adjusting for many such factors is necessary to justify the
key assumption, i.e., to believe the relevance of the relative risk calculations to the
causal question of health care costs due to the alleged misconduct of the tobacco
industry. When adjusting for these factors, all plaintiffs’ experts relied on statistica l
models with linear assumptions at their core, linear assumptions that produce highly
unreliable answers if the two groups were distributiona lly far apart because of the
implicit extrapolation. This fact was the topic of my PhD thesis under Willia m Cochran
and it was also the reason for the development of matched sampling and more modern
extensions such as propensity score methods. Cochran and I wrote about the unreliability of linear regression more than a quarter of a century ago,2 3 and Paul Rosenbaum
and I (and others, e.g., Neal Thomas) had been writing about the improvements in

Consulting for the tobacco industry

377

the reliability of these adjustments from using matching and propensity scores ever
since. 2 4 – 2 8
Initial analyses showed that, indeed, in the data sets used by plaintiffs’ experts (e.g.,
NMES), smokers and nonsmokers were too far apart to trust the models used by
plaintiff’s experts to adjust for the differences, according to the standards we have been
writing about for nearly three decades. I had no reluctance saying so. I also had no
reluctance going on to show that smokers and nonsmokers in NMES were not too far
apart to make reliable adjustment impossible. 7
Counterfactual world prevalences
My nal consulting topic was the most speculative: the estimation of the prevalences of
smoking (and associated health related outcomes, such as being overweight) in a
counterfactual world without the tobacco industry’s ‘information-based’ misconduct.
That is, what is the summary of the evidence from the real world concerning the effect
of information about the health risks of smoking on smoking initiation and smoking
cessation?
Basically, the approach started with the examination of intervention studies in the
last decades examining the effect of extra information on smoking initiation and
smoking cessation. This was then used to estimate the effect of information-based
misconduct by the tobacco industry in previous years. Fortunately, various Surgeon
General Reports2 9 – 3 2 summarized some of this literature, and reports from Centers for
Disease Control (CDC)3 3 summarized others. Also, reference lists from workers on
smoking cessation produced hundreds more, which I reviewed.3 4 ,3 5 Many health care
workers clearly wanted to know what worked, and there were hundreds of carefully
controlled randomized experiments studying this issue. The consistent picture that
emerges is the following.
First, regarding smoking initiation, which usually takes place in high school: sadly,
information about the health risks has no effect whatsoever (e.g., the Hutchinson 2000
15 year randomized experiment).3 6 Second, regarding smoking cessation, such information, when delivered at the community level, has no effect on heavy smokers, and a
slight effect, if at all (maybe 1% increase in quit rate per year) on light smokers. 3 7 ,3 8
Price matters, banning smoking in the workplace and restaurants reduces it, but
information per se works only when delivered in a ‘targeted’ manner at the correct
stage of preparation to quit, either by a health care professiona l (doctor) or a
computerized expert system, to certain subgroups of people (e.g., pregnant women,
men who have just had a heart attack), and then the effect is modest (typically a few
percent increase in quitting rate).
Although I have written on meta-analysis, 3 9 I have not attempted a formal one of the
smoking cessation litera ture, partially because it is so voluminous, but also because a
variety of formal and informal meta-analyses already exist (e.g., in some of the
references already cited). Also, in repeated personal conversations with researchers in
this area, there seems to be no disagreement about the extremely limited effectiveness of
information-based programmes. There is disagreement about the relevance of these
results to the estimation of the alleged misinformation from the tobacco industry in the
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past on smoking behaviour, but it is the only experimental evidence available on the
effect of information on smoking behaviour.

The ethics of testifying
Health care professiona ls as a group do not appear to be willing to testify voluntarily to
afrm what they write in hundreds and hundreds of peer-reviewed publications, as to
what works and does not work to curtail smoking. I am not saying that they should—I
can understand why they do not wish to. However, I believe my testimony, to statistica l
views that I have been expressing for three decades, is ethical, and my testifying to the
current conclusions, based on reviewing the litera ture, about my assessment of what has
worked and has not worked to curtail smoking, is also ethical.
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Appendix A
Testimony of Donald B Rubin re tobacco litigation
Trial
1 1, May 1998. State of Minnesota v. Philip Morris, Inc., et al.
Deposition
1 9, July 1997. Florida v. The America Tobacco Co., et al.
2 25 and 29, September 1997. Texas v. The American Tobacco Co., et al.
3 6 and 7, October 1997 and April 13, 1998. Minnesota v. Philip Morris, Inc., et al.
4 19, August 1998. Washington v. The American Tobacco Co., et al.
5 28, September 1998. Northwest Laborers–Employers Health & Security Trust
Fund, et al. v. Philip Morris, Inc., et al.
6 27, January 1999. Iron Workers Local No. 17 Insurance Fund v. Philip Morris,
Inc., et al.
7 2, July 1999. Northwest Laborers–Employers Health & Security Trust Fund,
et al. v. Philip Morris, Inc., et al.
8 25, June 2000. Blue Cross and Blue Shield of New Jersey, Inc., et al. v. Philip
Morris, Inc., et al.
9 20, May 2002. Devin Daniels et al. v. Philip Morris, Inc., et al.
10 17 and 18, July 2000. United States of America v. Philip Morris, Inc., et al.

