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What this talk is about
• Like all scientists, we tend to operate on the
basis of a set of assumptions and conventions
which are usually unstated.
• I am going to review four of them and argue
that although they are extremely helpful they
have been largely overthrown or at least
called into question in such a way that papers
and grant proposals based on them may face
tough sledding.
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Analysis of “observational data”
• A good deal of work at IHRP involves studies in which
we wish to draw a causal inference about differences
among two or more groups (treatment conditions,
races/ethnic groups, clinics) Often, the units of
observation (people, classrooms, clinics) have not been
randomly assigned to groups.
• Sometimes we have a quasi-experimental design, e.g.
interrupted time series from a natural experiment
where we can observe an outcome before and after
some policy change, e.g. access to free mammograms .
• In the statistical world, such data are referred to as
“observational.”
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An observational study is one in
which “the objective is to
elucidate cause and effect
relationships [when] it is not
feasible to use controlled
experimentation … or to assign
subjects at random to different
procedures. “ William Cochran
(1965) as quoted in Paul
Rosenbaum’s Observational
Studies (2002).
There is a well established
literature on the design and
analysis of observational studies.
This book is foundational but at a
fairly high mathematical level.
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Four ideas which have served
us well for nearly forty years
• Quasi-experimental design and evaluation of
threats to internal and external validity
• Regression analysis as a general data analytic
system
• Structural equation modeling as a way of drawing
out the implications of multi-stage theories
• Mediation analysis as a means of estimating
direct and indirect effects of presumed causal
variables.
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The legacy of Campbell and Stanley

Originally published as a
book chapter in 1963 and
later as a small book
which has gone through
numerous printings, this
work was profoundly
influential. Its impact can
be found in methodology
texts throughout the
social sciences. Many
people refer to the
concepts without
knowing the origin.
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The tradition of laying
out threats to validity
and designing quasiexperiments to
overcome them has
provided a way of
thinking about design
for more than 40 years
now. It has, however,
been more or less
ignored in more
recent work by
statisticians and
economists.
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Subsequent editions in 1979 and 2000 greatly expanded on the
list of threats and the sophistication of the arguments. The most
current edition lists some 37 threats of various kinds. In general,
even in the latest edition, the emphasis has been on design and
not analysis. This is not where you want to go to learn how to
actually do, say, interrupted time series analysis
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Multiple regression as a data analytic system
In 1965 Jacob Cohen published a paper with the
above title which subsequently became a best selling
book. He showed that any analysis of variance or
covariance could be written as a multiple regression
model. The method deals easily with “unbalanced
designs” in which independent variables (factors) are
correlated.
The generalized linear model, which extends this
notion to outcome variables of virtually any kind is
now the way that most data analysis, including
longitudinal analysis, is done. Most standard
biostatistics texts are now organized on this principle.
It is now routine to run models with more than a
score of variables. Indeed, most students these don’t
learn anything about ANOVA at all. Thus, controlling
on multiple variables is trivial.
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A simple version of a
standard data analysis
is shown at the right.
We look at a
treatment effect,
controlling for one or
more covariates. But
the notion that you
can determine a
causal impact via
regression if you just
have enough variables
in the model to adjust
for pre-intervention
group differences is no
longer defensible.
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Path analysis and structural
equation models as heuristic devices
SEM’s allow one to express some very
complex ideas with a few boxes, circles and
arrows. The approach has enormous
heuristic value.
If properly drawn, a path diagram allows one
to write the corresponding equations and set
up the computer analysis on sight. There is a
one to one link between the diagram and the
estimation equations.
That said, SEM’s are often misunderstood.
They do not allow one to either determine
causality or test for it, although they do allow
one to refute casual assertions conditional on
the correct specification of the rest of the
model. Many SEM’s make causal assertions
which are very difficult to defend.
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An example of a SEM from a recent paper in the
Journal of Health and Social Behavior

Path analysis and
structural equation
models, and the
whole “causal
analysis” tradition is
under serious
challenge. The
essential argument is
that one can’t merely
assert a causal
relationship, it has to
be tested in some
way.
12/10/2012
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Social Integration and Health: Community Involvement, Stigmatized
Identities, and Sexual Risk in Latino Sexual Minorities. Journal of
Health and Social Behavior 51; 30-47.
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Mediation analysis
A good deal of what we do at IHRP
involves attempting to change
some belief, attitude or behavior
with the intent of influencing some
downstream health outcome, e.g.
dietary behavior and obesity. We
frequently ask if the variable we
are attempting to change directly
serves as a mediator between an
intervention (either randomly or
non-randomly allocated) and the
outcome we are interested in.
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The diagrams at the right
shows the classic
mediation set up.
According to David Kenny
and others, you can
estimate the proportion of
the effect of X on Y which
is mediated by M as:
c – ab.
This approach is certainly
causal, but many
influential commentators
(e.g. Bengt Muthén, who
created MPlus) now agree
that even in randomized
designs this decomposition
is faulty.
I will return to this issue
later.
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Source: http://davidakenny.net/cm/mediate.htm#IE
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The times they are a-changin
• Thus, we are in the midst of a multifaceted
revolution, by no means complete, which is
changing what is considered acceptable by grant
and journal reviewers. Almost every aspect of
what we have taken for granted for a long time
has come into question.
• In particular, traditional ways of inferring and
estimating causal effects are under serious
challenge. Our four pillars have become
somewhat shaky.
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Rubin’s approach
• A great deal of what might be called
“new causal analysis” flows from the
work of Donald B. Rubin.
• What has come to be known as
“Rubin’s causal model”, also known
as the “potential outcomes
approach” or the “counter factual
approach,” appeared in the early
1970’s and finally gained traction in
the past five to ten years .
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The Rubin perspective
on an observational study
• Imagine two groups – treated and control – to which
individuals have been randomly assigned.
• We administer some treatment to one of the groups.
• We know that the effect of treatment will vary across
individuals. We know that within each group there is
variance in the outcome variable.
• It may be that some of the variation is systematic in that
persons with particular characteristics might react
differently to the treatment.
• The fact that we have randomized means that the
difference, whatever the source, washes out and the
difference between the two group means is an unbiased
estimate of the treatment effect.
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• Suppose, however, that treatment assignment is nonrandom. To consider the implications, Rubin tells us to
think of each individual as having two potential
outcomes, one in the treatment group and one in the
control. But a person can only be in one group, hence
one of the outcomes is “counterfactual.”
• For a given person, we can think of Yi(T) – Yi(C), the
difference between that person’s score in the two
conditions. But unless we have a cross over design,
which presents its own problems, that is impossible.
We can only observe each person under one condition
as shown in the table on the next slide.
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The “fundamental problem of causal inference.”

Source: West and Thoemmes, 2010
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• An important component of Rubin’s argument is that a
given case might respond differently to being in a particular
group than another case, as a function of particular
unmeasured covariates. For example, persons who self
select into a non-treated group might not do as well in the
treated group, if they were in it, as those who self-select
into it.
• If we are willing to suspend disbelief for a moment, the
best estimate of casual effect in a non-randomized study
would be:

(Y − Y ) + (Y − Y )
t
i∈t

c
i∈t

t
i∈c

c
i∈c

Counterfactual
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Stable unit treatment value
(SUTVA) assumption
• SUTVA is the a-priori assumption that the
value of Y for unit i when exposed to
treatment t will be the same no matter what
mechanism is used to assign treatment t to
unit i and no matter what treatments the
other units receive.
• The assumption may seem innocuous, but it
has wide ranging implications.
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Back to mediation
• In the classic mediation model,
shown previously, the same
issues apply if X is a nonrandomly assigned treatment.
Again, you can’t just dump a load
of covariates into your model.
• Some critics, particularly Michael
Sobel (2008), argue that even if X
is randomly assigned, M, the
mediator, is not. Hence,
mediation and the usual effect
decomposition, can not be
interpreted in casual terms.
• This issue is by no means
resolved but if you do classical
mediation analysis you may well
be challenged by reviewers.
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Two very important books
2007
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2010 (2000)
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Rubin uses this approach to derive ways of
estimating causal effects under various assumptions.
For example, one can estimate, in some case ATT, the
treatment affect among the treated. We will skip all
of this.
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Matching and propensity scores
• Rubin’s much preferred solution to the problem of nonequivalent groups is matching.
• Campbell and Stanley explicitly rejected matching primarily
because of the difficulty of matching on multiple variables.
• Rubin’s solution is to estimate the probability of each case
being in the treatment group as a function of as many
covariates as he can get. You then end up with a single
covariate that carries information from a lot of variables.
• The estimated probability is referred to as a propensity score.
• It is crucial that the p-scores be balanced across groups, i. e.,
that the distribution of p scores be the same in both groups.
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• There are numerous
ways to do propensity
score analysis and a
good deal of dispute as
to which is best. This
2010 book is a very
good summary of
current work. There is a
web site that shows
many worked examples.
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An example based on work in progress
• Dick Warnecke et al are interested in assessing the effects
of living in a medically underserved area (MUA) on late
stage breast cancer diagnosis.
• An MUA gets various kinds of federal support for access to
medical care. Eligibility is determined based on certain
criteria.
• Some areas of the city are eligible in that they meet the
criteria but not designated because designation is not
automatic; it requires local action. They are the comparison
group.
• Persons living in the two areas may differ on various
covariates so we used a propensity score to match them.
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Matching variables thus far
•
•
•
•
•

Education
Income
Age
Prior anomalous mammogram findings
Number of co-morbidities

• Numerous other variables, e.g. network structure will
be added

Matching Results

Unmatched cases
eliminated from
treatment group

Unmatched cases
eliminated from
comparison group

.2

.4

.6
Propensity Score

Untreated: Off support
Treated: On support

.8
Untreated: On support
Treated: Off support

1

Results For Late Stage Dx

Computations and graphs done using PSMATCH2 in Stata.

Other analytic approaches
• Primarily within economics, but also in policy
analysis and epidemiology there has been a lot of
work using methods other than matching to deal
with observational data.
– The regression discontinuity design (#16 in C&S) has
been formalized and used extensively.
– The instrumental variables method has been used to
model selection into groups.
– Difference in differences, a kind of interaction test,
has been applied to interrupted time series and other
designs.
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Coming full circle
• New developments in statistical approaches to
observational data have mostly ignored the
Campbell-Stanley tradition.
• Rubin cites C&S but as a pro-forma exercise.
• Economists tend to ignore it entirely.
• But recently, there has been a bit of a
rapprochement.
• Schadish has published an important paper with
an excellent commentary by West and a student
of his.
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A response by Rubin
is almost a mea culpa
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But there’s more to do
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