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Tom Ten Have made many contributions to causal inference and biostatistics before his untimely death.
This paper reviews Tom’s contributions and discusses potential related future research directions. We focus
on Tom’s contributions to longitudinal/repeated measures categorical data analysis and particularly his
contributions to causal inference. Tom’s work on causal inference was primarily in the areas of estimating
the effect of receiving treatment in randomized trials with nonadherence and mediation analysis. A related
area to mediation analysis he was working on at the time of his death was post-treatment effect modification
with applications to designing adaptive treatment strategies. Copyright c⃝ 0000 John Wiley & Sons, Ltd.
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1. Introduction

Tom Ten Have, a professor of biostatistics at the University of Pennsylvania School of Medicine, passed away
on May 1, 2011 at the age of 53 from complications of multiple myeloma. Tom’s obituary stated accurately,
“He was devoted to his family and his work at Penn. Tom was an engaging researcher and tireless mentor and
friend to many.” It was a great loss to the statistical community to lose Tom at too young an age. Tom had a
positive influence on many in the statistical community through his research, his mentoring, his enthusiasm and his
community service.

The goal of this paper is to review Tom’s research contributions and to highlight potential related future research
directions. Tom made many important contributions to causal inference and longitudinal/repeated measures
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categorical data analysis. Tom’s methodological contributions were highly motivated by his collaborative work in
biomedical research. Tom’s collaborative work covered a broad range of areas (number of papers in parentheses):
dentistry (9) , radiology (30) , statistical computing (10), geriatric psychiatry (53), depression and anxiety (11),
general psychiatry (3), substance abuse (4), diabetes (4), sleep (3), allergies (6), pediatrics (7), data, design analysis
and reporting (6), cancer (4) and other miscellaneous areas (13). The largest concentration of papers were in
psychiatry, and much of Tom’s work on statistical methods for causal inference was motivated by this area. In
general, most of Tom’s work involved chronic disease. Such diseases often feature issues of patient and provider
non-adherence to complex low-intensity interventions, small to moderate treatment effects and considerable
heterogeneity in treatment course. All of these issues lead to questions of how post-randomization differences
across participants can explain heterogeneity in outcome, or questions of how interventions act. Much of Tom’s
recent work focused on these areas, and we will focus on this recent work.

Our paper is organized as follows. Section 2 discusses Tom’s work on longitdinal/repeated measures categorical
data analysis. Section 3 discusses Tom’s work on causal inference. Section 4 provides a conclusion.

2. Longitudinal/Repeated Measures Categorical Data Analysis

Tom made many important methodological contributions in the area of repeated measures data, especially for
categorical outcomes. One major area was in modeling bivariate binary responses. Another major area was in
longitudinal data with dropout. In both of these areas, Tom and his colleagues developed joint models for handling
the dual processes that are changing over time. We next briefly summarize his contributions to those areas.

In longitudinal studies where subjects can switch between states (such as “healthy” and “unhealthy”) on more
than one outcome, it is often of interest to infer both univariate risks, as well as the cross-sectional association
between outcomes. Motivated by a cardiovascular education study, Ten Have and Morabia [1] developed bivariate
response models to model bivariate associations and marginal univariate risks involving transitions between
healthy and unhealthy states in hypertension and hypercholestemia status. Another common situation where
there is substantive benefit from modeling bivariate binary processes is in the relationship between medication
and symptoms. In [2], the authors provide a careful discussion of the difficulties caused by these longitudinal
relationships. They present a model that combines longitudinal and cross-sectional links between relapse and
medication use, building on bivariate response models where both relapse and medication use are regarded as
dependent variables. Such models can be applied to a wide range of longitudinal analyses involving long-term
observation of illnesses characterized by transitions between healthy and unhealthy states. [3] builds on [1] and
[2] to provide a further discussion of how to separate the effects of medication on relapse from those of relapse
on medication. [4] consider mixed effects Markov models, examining sensitivity to missing data, with applications
to diet and cocaine use. An interesting point in this paper is how psychological theory motivates aspects of the
sensitivity analysis, by distinguishing between time-varying personality factors (e.g. apathy and hopelessness) and
personality-based (e.g. neuroticism) factors. [5] applies transitional models to the LSOA, and [6] shows how these
mixed effects Markov models may yield useful information in substance abuse treatment studies, even when overall
treatment effects are small.

Another common challenge with longitudinal studies is non-ignorable dropout. One can also think of these
as bivariate processes – one for the response and one for dropout. Tom and co-authors wrote a series of papers
dealing with this issue, primarily from the perspective of shared parameter models. Ten Have et al. [7] developed
the first shared parameter model for a binary longitudinal outcome and dropout models. A challenge with that
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model is intractable integration of the likelihood function. To avoid this problem, [8] proposed the use of a log-
log link function in the response model, which leads to tractable integration and parameters that have risk ratio
interpretations. Motivated by data from the Longitudinal Study of Aging, [9] developed shared-parameter model
for an ordinal response with multiple causes of dropout. While that paper focused on mixed effects models, Tom and
colleagues later developed marginal models for dealing with multi-cause dropout [10]. This work on longitudinal
data with dropouts was later extended to the situation where several outcome variables are of interest [11]. In this
work they demonstrated the importance of jointly modeling the outcomes, as well the importance of accounting
for confounding by the baseline outcome. Finally, [12] developed a joint longitudinal and survival model using a
shared frailty.

A common theme in Tom’s work on longitudinal/clustered data was his emphasis on the importance of
accounting for and understanding the complex relationship between variables that change over time. There were
many examples of joint modeling and accounting for selection bias (e.g., non-ignorable dropout). In addition, in
many of these papers there were extensive sensitivity analysis, which reflected his belief in quantifying uncertainty
due to assumptions. This work naturally lead Tom to focus on causal inference, where issues such as selection
bias (confounding; nonadherence), complex relationships between variables over time (mediation; moderation),
and treatment effectiveness depending on patient-level factors (adaptive treatment strategies), can all be formally
addressed in a potential outcomes framework. Tom’s work in these areas are described in the next section.

3. Causal Inference Methodology

3.1. Effect of Receiving Treatment in Randomized Trials with Nonadherence

Tom made important contributions to making inference about the effect of treatment as received in a randomized
trial in which some subjects do not adhere to their assigned protocol. The as received treatment effect is the
effect of receiving the experimental treatment (hereafter referred to as the “treatment”) relative to receiving the
control condition (hereafter referred to as the “control”). By contrast, the intent to treat (ITT) effect is the effect
of being offered the treatment relative to being offered the control. The ITT effect provides information about the
effectiveness of implementing the intervention at the population level if the treatment non-adherence pattern is
similar between the study sample and the target population. However, when adherence in the target population is
expected to differ from the study sample, the as received treatment effect is a key quantity for accurately predicting
the effect of the treatment in the target population[13, 14, 15]. Tom’s work on estimating the as received treatment
effect was particularly motivated by his work in psychiatry, where often adherence in the target population differs
from that of the study sample. For example, the study sample may consist of physically healthy patients highly
adherent to their psychiatric care whereas the target population may contain many people receiving multiple
treatments for medical comorbidities who are less likely to adhere to psychiatric treatments, or intensive efforts
to maintain high levels of adherence in randomized trials may not be able to maintained by the community of
practitioners without similar resources to sustain adherence among their patients[16].

A commonly used estimator for the as-received treatment effect is the as-treated estimate. The as-treated estimate
is the difference between the mean outcome among patients who received the treatment and the mean outcome
among patients who did not receive the treatment. In a trial in which only the assigned to treatment arm can receive
the treatment, the as-treated estimate will be biased if patients who would adhere to the treatment if randomized to
it (would be adherers) differ in their characteristics from those who would not adhere to treatment if randomized
to it (would be non-adherers) because the as-treated estimate compares would be adherers to a mixture of would
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Table 1. The relation between observed groups and latent compliance classes

Zi Ai Ci

1 1 Complier or Always-taker
1 0 Never-taker or Defier
0 0 Never-taker or Complier
0 1 Always-taker or Defier

be adherers and would be non-adherers. A vivid example of how would be adherers can differ from would be
non-adherers was provided by [17] in their discussion of the Coronary Drug project, a randomized trial of lipid-
lowering drugs for individuals who had survived myocardial infarction. Good adherers in the group assigned the
lipid-lowering drugs had a five-year mortality rate of 15.0% whereas poor adherers had a mortality rate of 24.6%,
making the lipid-lowering drugs seem promising. However, in the placebo group, good adherers had a mortality
rate of 15.1% and poor adherers had a mortality rate of 28.2%, so placebo looks even more promising. For cardiac
patients, the would be adherers might have better diet and exercise more than the would be non-adherers, leading
to better outcomes if both groups received the same treatment. In contrast, in Tom’s work in psychiatry, he found
examples in which the would be adherers were less healthy than would be non-adherers[15, 16].

The as-treated estimate may be biased for estimating the as-received treatment effect because of unmeasured
confounding, e.g., individuals with better diet may be more likely to adhere to treatment and to have better
outcomes regardless of treatment. Instrumental variable (IV) methods are methods for adjusting for unmeasured
confounding. In a randomized trial with non-adherence, the random assignment of being offered the treatment
may be an IV. To further explain the assumptions needed for random assignment to be an IV, we will introduce
notation. The Neyman-Rubin potential outcomes framework will be used to describe causal effects [18, 19]. Let
0 and 1 be the control and active treatment levels of the treatment, respectively. Let Ri = 0 or 1 be the random
assignment to control (0) or treatment (1) for subject i. Let Ar

i be the potential treatment received for subject i if
she were assigned level r of the treatment – A1

i is the treatment that subject i would actually receive if she were
assigned the treatment and A0

i is the treatment that i would receive if she were assigned the control. The observed
treatment received for subject i is Ai ≡ ARi

i . Let Y r,a
i be the potential outcome for subject i if she were assigned

level r of the treatment and actually received level a of the treatment – there are four such potential outcomes

Y 1,1
i , Y 1,0

i , Y 0,1
i and Y 0,0

i . The observed outcome for subject i is Yi ≡ Y
Ri,A

Ri
i

i . Let Xi, Vi and Zi denote observed
baseline covariates for subject i used in modeling the outcome, random assignment and adherence respectively.
Let R,A1, A0, Y 1,1, Y 1,0, Y 0,1, Y 0,0, Y,X,V,Z denote the Ri, A

1
i , A

0
i , Y

1,1
i , Y 1,0

i , Y 0,1
i , Y 0,0

i , Yi,Xi,Vi,Zi for
a randomly drawn subject i. The notation described above implicitly assumes the stable unit treatment value
assumption (SUTVA) which is that each patient’s treatment assignment and treatment received does not affect
the potential outcomes of any other patient[20]. Patients can be classified into one of four latent compliance classes
[21]: C = never-taker if (A0, A1) = (0, 0); complier if (A0, A1) = (0, 1); always-taker if (A0, A1) = (1, 1) and
defier if (A0, A1) = (1, 0). Table 1 shows the relationship between observed groups and latent compliance classes.

There are two commonly used IV methods for randomized trials with non-adherence, the conditional-compliance
approach ([21]) and the conditional-observable ([22]) approach; Tom made contributions to both approaches. Both
approaches make the following assumptions:

IV-A1 Being randomly assigned treatment changes the probability that a patient actually will receive treatment,
P (A1

i = 1) ̸= P (A0
i = 1).

IV-A2 The assignment of treatment R is independent of unmeasured confounders.
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IV-A3 (exclusion restriction). The IV only affects the outcome through the pathway of affecting the probability of
receiving the treatment, i.e., has no direct effect on the outcome.

IV-A2 holds as long as the assignment to treatment is random as it is supposed to be in a randomized trial and
IV-A1 holds as long as being assigned to treatment does have some influence on the chance that a patient will take
the treatment. The plausibility of assumption (IV-A3) will be discussed more below. Additionally, the exact form of
the IV-A3 approach differs between the conditional-compliance and conditional-observable approaches, and will
be discussed more below. The assumptions (IV-A1)-(IV-A3) are not enough to point identify a treatment effect.
The conditional-compliance approach and conditional-observable approaches each make a different auxiliary
assumption and estimate treatment effects for different subpopulations.

The conditional-compliance approach seeks to estimate the average treatment effect for the compliers θCACE ,
called the complier average causal effect (CACE),

θCACE = E(Y 1,1 − Y 0,0|C = complier).

The additional assumption beyond (IV-A1)-(IV-A3) that is needed for identification of the CACE is the
monotonicity assumption that being assigned treatment does not decrease the treatment level received for any
subject, i.e., there are no defiers,

IV-A4a (monotonicity). P (A1 ≥ A0) = 1.

Under (IV-A1)-(IV-A3) and (IV-A4a ), [21] showed that the Wald (two-stage least squares) estimate, θ̂Wald =
Ê(Y |R=1)−Ê(Y |R=0)

Ê(D|R=1)−Ê(D|R=0)
, where Ê denotes sample means, converges to θCACE . Tom’s Ph.D. student Jing Cheng (co-

advised by D. Small) developed in her dissertation work an estimator that improves substantially on the Wald
estimator in finite samples by taking account of the mixture structure of outcome distributions in Table 1[23]. The
estimator uses the empirical likelihood approach to construct a profile random sieve likelihood and maximizes
this likelihood. The nonparametric nature of the profile random sieve likelihood makes the estimator robust to
parametric distribution assumptions.

Most work in the conditional-compliance approach has assumed that there are no defiers. In [24], Tom and
his collaborators considered a trial in which defiers were thought to be a possibility, a randomized trial of an
intervention to improve physicians’ adherence to best practice guidelines for treating depression. Physician defiers
do the opposite of what they are encouraged to do in treating patients for depression; there is evidence of defier
behavior among physicians [25, 26]. To identify the probability of a physician being a defier as well as the potential
outcome distributions for each compliance class, [24] assumed that the distribution of the potential outcomes for
each compliance class is normally distributed. A nonparametric upper bound on the probability of being a defier
is min{P (A = 0|R = 1), P (A = 1|R = 0)} (this bound could be reduced if more information is known about
the distribution of the outcome, e.g., that it is binary, see for example, [27]). A direction for future research is
to consider sensitivity analyses for the probability of being a defier that relax the normality assumption for the
distributions of outcomes in a compliance class but are not nonparametric, e.g., assume the distributions have a
skewness coefficient that is bounded by a specified amount or have a number of modes that is bounded by a certain
amount.

In contrast to the conditional-compliance approach that estimates the average treatment effect for unobservable
subgroups of subjects, the conditional-observables approach seeks to estimate the average treatment effect for
subgroups of subjects with the same observed treatment assignment and treatment received:

ψr̃,ã = E(Y r,1 − Y r,0|R = r̃, A = ã).
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[24] considered an extension of the linear structural mean model (SMM) ([22, 28]) for the conditional-observables
approach:

Y 0,0 = ξ(x) + ν,

Y r,a = Y 0,0 + ψa+ γr + ϵr,a (1)

where ν, ϵ0,1, ϵ1,0, ϵ1,1 are random errors and ϵ0,0 = 0. The exclusion restriction in the conditional-observables
approach with the SMM (1) is that γ, the direct effect of random assignment to treatment, is zero. The additional
assumption that the SMM (1) with γ = 0 makes beyond (IV-A1)-(IV-A3) is a no-interaction assumption that the
average effect of treatment is the same across different subgroups defined by observed treatment assignment and
treatment received:

IV-A4b (no interaction): E(Y r,1 − Y r,0|R = r̃, A = ã) is the same (say ψ) for all r̃, ã.

Under (IV-A1)-(IV-A3) and (IV-A4b), ψ is the average treatment effect for the whole population. The average
treatment effect ψ can be consistently estimated by g-estimation[22], which will be discussed more below.

Tom’s paper [24] presented a comparison of the conditional-compliance and conditional-observable approaches.
The paper derived important connections between the conditional-compliance and conditional-observable
approaches. In particular, [24] showed that under the model (1), the effect of assignment to treatment for
compliers, E(Y 1,1 − Y 0,0|C = complier), equals ψ + γ and the effect of assignment to treatment for defiers,
E(Y 1,0 − Y 0,1|C = defier), equals γ − ψ. Imposing the additional assumption of the exclusion restriction for all
participants in the population by setting γ = 0 yields that the effect of assignment to treatment for compliers is ψ,
which is the average treatment effect under the linear SMM (1). [24] also compared the conditional-compliance
and conditional-observable approaches empirically in the context of a randomized trial in which the intervention
was to encourage physicians to adhere to best practice guidelines in treating primary care patients. Understanding
the connections between the conditional-compliance and the conditional-observable approaches is useful for
understanding the meaning of estimates from one approach for estimands in the other approach, and also because
an estimation method that has been developed for one approach can be used for an estimand in the other approach
when the estimands are equivalent under a given set of assumptions.

Much instrumental variable methodology has been developed in econometrics where the focus has been on
continuous outcomes. In biomedical settings, many important outcomes are discrete. Tom made contributions
to developing IV methods for discrete outcomes, particulary for inference about causal odds ratios for binary
outcomes. [29] developed an approximate (but inconsistent) estimator of the marginal odds ratio and compared it
to two stage estimators. Usual two stage estimators for binary outcomes are inconsistent in contrast to continuous
outcomes. For continuous outcomes, under (IV-A1)-(IV-A3) and the model (1) with γ = 0 by (IV-A3), two stage
least squares provides consistent estimates of the causal effect ψ. The reason is that under (1), Y = Y 0 + ψA,
and under (IV-A2)-(IV-A3), E(Y |R) = E(Y 0) + ψE(A|R). Consequently, ψ can be estimated by regressing Y on
E(A|R); two stage least squares substitutes Ê(A|R) for E(A|R). The two-stage method is also commonly used
for estimating causal odds ratios, where for a binary treatment, the first stage regression is a logistic regression
of the treatment received on the randomly assigned treatment R (or other IV) and the second stage regression
is a logistic regression of the outcome on the predicted treatment from the first stage; this is called the two-stage
predictor substitution method. For a binary outcome, an analogue to (1) is logitP (Y = 1) = logitP (Y 0 = 1) + ψA.
However, even though Y 0 is independent of R under (IV-A2), logitP (Y = 1|R) ̸= logitP (Y 0 = 1|R) + ψE(A|R)
generally because of the noncollapsibility of logistic regression [30]. Consequently, the two stage method is
asymptotically biased. Tom’s PhD student Bing Cai (co-advised by D. Small) provided analytical formulas for
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the bias of the two stage method as a function of the amount of unmeasured confounding [31]. Another commonly
used two-stage method is two-stage residual inclusion in which the second stage regression is a logistic regression
of the outcome on the treatment received and the residual from the first stage regression; the estimated causal
odds ratio is the exponential of the coefficient on treatment received in this second stage regression [32, 33].
[31] also provided analytical formulas for the asymptotic bias of the two stage residual inclusion method.
Vansteelandt and Goetghebeur developed a method for estimating causal odds ratios, the generalized structural
mean model (GSMM), that is asymptotically unbiased under certain plausible assumptions[34]. As part of Bing
Cai’s dissertation work, [35] compared the GSMM to two-stage predictor substitution and two-stage residual
inclusion in simulation studies and found that the GSMM was best in terms of both bias and mean squared error.

Tom made important contributions to assessing whether the exclusion restriction, IV-A3, holds and inference
methods that allow the exclusion restriction not to hold. The exclusion restriction does not hold if treatment
assignment affects the outcome through a pathway other than treatment received. Tom had noticed that the
exclusion restriction assumption may be especially vulnerable in unblinded studies. One context when the exclusion
restriction may not hold is when assignment to the experimental treatment enhances a participant’s expectation
of success and in contrast, assignment to the control arm might reduce such expectation[16]. Another context
is studies that include a health professional, such as a behavioral care manager, as part of the experimental
intervention to enhance the delivery of the specific treatment under study. Tom noted, “The care manager might
impact patient outcomes through means other than the specific treatment, say, a pill delivered with a smile from the
care manager might taste different than a pill delivered without the personal touch in the control arm, even when
patients take exactly the same pill.”[16]. Relatedly, the health professional may influence outcomes even when the
specific treatment is not delivered. For example, Tom was the statistician for the PROSPECT study, a study of
treating depression in primary care practices in which the intervention was for a depression specialist (typically a
master’s level clinician) to closely collaborate with the patient to facilitate treatment[36]. The random assignment
of depression specialist vs. no depression specialist was at the level of the primary care. Even if the patient did
not adhere to the treatment (i.e., never saw the depression specialist), the depression specialist’s presence in a
practice may have helped improve the treatment of depression in that practice by primary care physicians . Even
in blinded studies, the exclusion restriction may not hold. One context that Tom discussed was that among patients
considered not to have received the experimental treatment, those assigned to the intervention arm might have
received a larger partial dose (although considered inadequate), while those assigned to the control arm might have
received a smaller partial dose or no dose at all[16]. To the extent that partial dose might lead to some benefits, not
receiving treatment when assigned to treatment in the experimental arm might be better than not receiving treatment
in the control arm. Conversely, if there is a placebo effect, then not receiving treatment in the experimental arm
(which means one would not have benefited from a placebo effect) might be worse than not receiving treatment in
the control arm (which means one might still have benefited from a placebo effect). In either case, the exclusion
restriction would be violated because assignment to the treatment impacts outcomes through a pathway other than
treatment received.

The strategy that Tom and his collaborators developed for assessing potential violations of the exclusion
restriction and making inferences about the as-received treatment effect under these violations is to make use
of baseline covariates Z that (i) predict whether a subject will adhere to the randomized treatment and (ii) are not
effect modifiers for the direct effect of randomization on the outcome. Specifically, [24] developed a G-estimation
approach that extends that of [37] for estimation of (ψ, γ) in (1). The main ideas are to consider a candidate value of
ψ and γ and computeE(Y 0,0|ψ, γ) ≡ Y 0,0(ψ, γ) under (1), namely Y 0,0(ψ, γ) = Y − ψA− γR, and then estimate
ψ and γ using the fact that random assignment R should be uncorrelated with any function of Y 0,0(ψ, γ) at the true
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(ψ, γ). Specifically, [24] estimated ψ and γ by iteratively solving the following unbiased estimating equation:∑
(R− q)W (Z)[Y 0,0(ψ, γ)− ξ(x)] = 0, (2)

where q = P (R = 1|V), W (Z) is a weight function vector that [24] took to be a two-element vector with the
second element equal to 1 and the first element equal to the ”compliance score” E(A|R = 1,Z)− E(A|R = 0,Z)

[38], and ξ(x) is estimated in each iteration using (1) and the current estimates of ψ and γ. The choice of the
”residual” Y 0,0(ψ, γ)− ξ(x) as the function of Y 0,0(ψ, γ) to use in (2) is motivated by efficiency considerations
that are similar to the use of covariance adjustment in a randomized trial. There are two key assumptions for (2) to
provide a consistent estimate of (ψ, γ) in addition to (IV-A1)-(IV-A2):

1. (ERV-A1). The baseline covariates Z need to predict adherence, i.e., E(A|R = 1,Z)− E(A|R = 0,Z) cannot
be constant in Z. If E(A|R = 1,Z)− E(A|R = 0,Z) were constant in Z, then the estimating equations (2)
would be collinear and would not provide a unique solution.

2. (ERV-A2). The baseline covariates Z cannot modify the direct effect of randomization, i.e., γ cannot depend
on Z.

The model (1) assumes constant effects of treatment received (ψ) and randomization (γ) but this can be relaxed to
let ψ be the average effect of treatment received and γ be the average effect of randomization. Then, the assumption
(ERV-A2) is that the average effect of randomization is not modified by the baseline covariates Z; see [39] for
further discussion. The dissertation of Tom’s PhD student Chia-Hao Wang focused on extending the G-estimation
method for continuous outcomes that allows for violations of the exclusion restriction described above to outcomes
that can be modeled as following a log-linear model. Note that under (ERV-A1)-(ERV-A2), the interactions between
the baseline covariates Z and randomization, R× Z are valid instrumental variables for estimating the effect of R
and A on Y , and an alternative estimation strategy to G-estimation is two-stage least squares [40]. Specifically, (i)
regress A on Z, R and R× Z; (ii) regress Y on Z, R and Ê(A|R,Z) where the latter is from (i); the coefficients on
R and Ê(A|R,Z) in the second stage regression are estimates of γ and ψ respectively.

For chronic diseases, treatments are typically administered over time and adherence can vary over time. Tom
made important contributions to extending cross-sectional methods for estimating the effect of receiving treatment
when there is nonadherence to longitudinal settings. In [15], the cross-sectional method of [32] for binary
outcomes that uses random assignment as an instrumental variable for treatment received was extended to a
longitudinal setting The method in [15] involves combining a random effects logistic model with instrumental
variable regression estimation techniques. The method has been applied to a trial of alcoholism treatments [41] in
addition to the PROSPECT study of treatments for elderly depression [36]. The method is designed for a setting
in which the treatment has a “transient effect,” i.e., the treatment only affects a subject’s outcome for one period.
For the transient effect settting, the estimand is the effect for compliers at time t (i.e., subjects who would take the
treatment at time t if randomly assigned to the treatment arm and not take the treatment at time t if assigned to the
control arm) of receiving treatment at time t on the outcome at time t. But if the outcomes at time t are affected
by the whole sequence of treatment received up until time t and there is time-varying compliance so that some
compliers at time t are never takers at time t− 1, then the estimand in [15] cannot be interpreted as the efficacy of
receiving treatment at time t. Motivated by the goals of understanding the effect of longitudinal adherence when
treatment effects might not be transient and of summarizing longitudinal adherence patterns, Tom’s Ph.D. student
Julia Lin (co-advised by M. Elliott) developed in her dissertation work methods for estimating the intention to treat
effects over time for latent classes of subjects, where the latent classes are defined by the probabilities of being a
complier over time[42, 43].
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Although much of Tom’s work on instrumental variables methodology was motivated by using random
assignment as an instrumental variable to estimate the effect of treatment received when there is noncompliance, he
was also interested in using instrumental variables in observational studies to control for unmeasured confounding,
for example using physician preference for one drug vs. another as an instrumental variable for the drug received
in a comparative effectiveness or comparative safety study [44, 35].

Tom received an RC4 grant ”Instrumental Variable Methods for Discrete Longitudinal Data” which he was
working on at the time of his death. The aims of the grant were to address in parallel and simultaneously the
challenges of estimating the effect of treatment received in the presence of nonadherence when (i) the outcome is
discrete; (ii) there is longitudinal data and treatment received varies over time.

3.2. Mediation Analysis

Many biomedical treatments are complex and involve multiple components. The goal of mediation analysis is to
try to explain the mechanism by which complex treatments act. Mediation analysis seeks to open up the “black
box” of a treatment and explain how it works. For example, the PROSPECT study [36] evaluated an intervention
for improving treatment of depression in the elderly in primary care practices. The intervention consisted of having
a depression specialist (typically a master’s-level clinician) closely collaborate with the depressed patient and
the patient’s primary care physician to facilitate patient and clinician adherence to a treatment algorithm and
provide education, support and ongoing assessment to the patient. The intervention significantly reduced depression
(as measured by the Hamilton test) four months after baseline. Researchers of this study are interested in to
what extent the effect of the intervention can be explained by its increasing use of prescriptive anti-depressant
medication as compared to other factors. Understanding the mechanism by which a treatment achieves its effects
can help researchers and policymakers design more effective treatments [45, 46]. For example, if the PROSPECT
study intervention achieves its effects primarily through increasing use of antidepressants, then a more cost-
effective intervention might be designed that has the depression specialist focus her time only on increasing use of
antidepressants.

In Tom’s work on mediation analysis, he mostly focused on studies in which treatment R was randomized and
then a mediating variable M was measured some time after the randomization. Mediation analysis can also be
applied to studies in which the treatment is not randomized but is ignorable conditional on measured covariates.
We will focus in this section on studies in which treatment was randomized. Consider the following model for
potential outcomes:

Y
(r,m)
i = Y

(0,0)
i + θMm+ θRr, (3)

where the Y (0,0)
i are iid. Here θM represents the effect of a one unit increase in the mediator on the outcome holding

the treatment fixed at any level r. The parameter θR represents the direct effect of the treatment on the outcome
holding the mediator fixed at any level m.

The standard regression approach of Baron and Kenny[47] is to estimate θM and θR by least squares regression
of Yi on Mi and Ri. The maintained assumption that R is randomized implies that

Ri ⊥ Y
(r,m)
i (4)

The standard regression approach provides consistent estimates of θM and θR under the additional assumption that
M is sequentially ignorable given R, i.e.,

Mi⊥⊥Y (Ri,m)
i |Ri,m ∈ M, (5)
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where M is the set of possible values of the mediating variable M . (4) and (5) together constitute an assumption
of strong sequentially ignorable treatment assignment. The sequential ignorability assumption (5) means that M is
effectively randomly assigned given R. Under model (3), the sequential ignorability assumption (5) is equivalent
to

Mi⊥⊥Y (0,0)
i |Ri. (6)

The sequential ignorability assumption (5) will be violated if there are confounders of the mediator-outcome
relationship. Measured baseline confounders of the mediator-outcome relationship can be controlled for by
controlling for these confounders in the regression; even this is often not done in standard mediation analyses.
If there are measured postbaseline confounders, the regression of Y on M , R and the measured confounders will
produce an unbiased estimate of θM but not θR; to obtain an unbiased estimate of θR, Y − θ̂M can be regressed on
R [48, 49].

In summary, the standard regression approach to mediation analysis makes a strong sequential ignorability
assumption that, in addition to the intervention being randomly assigned, the mediating variable (e.g.,
antidepressant use) is also effectively randomly assigned given the assigned intervention and the measured
confounding variables. In randomized trials, while initial randomization is guaranteed by design, ignorability
of the mediating variable is not guaranteed by the design and will often be implausible. For example, in the
PROSPECT study, potential unmeasured confounders of the mediating variable (antidepressant use)-outcome
(depression) relationship include medical comorbidities during the follow-up period, which deter elderly depressed
patients from taking antidepressant medications because of so many other medications that are necessitated by
their medical comorbidities and also predisposes patients to more depression[50]. To address such unmeasured
confounding, Tom and his collaborators developed an alternative approach to mediation analysis that generalizes
and makes more transparent insights into mediation analyses for survival outcomes based on initial randomization
[37]. In place of ignorability of the mediating variable (5), it relies on having a baseline covariate that interacts with
random assignment in predicting the mediating variable, and does not modify the effects of the mediating variable
or the direct effect of the randomized treatment[50]. For example, for the PROSPECT study, [50] considered the
following baseline covariates: baseline depression and baseline suicide ideation.

The approach in [50] to dealing with unmeasured confounding in mediation analysis uses G-estimation along
with baseline covariates Z that interact with random assignment in predicting the mediating variable, and do
not modify the effects of the mediating variable or the direct effect of the randomized treatment. The estimating
equation is ∑

(R− q)W (Z)[Y 0,0(θR, θM )− ξ̂(Z)] = 0, (7)

where q = P (R = 1), Y 0,0(θR, θM ) = Y − θRR− θMM , ξ̂(Z) = Ê(Y 0,0(θR, θM )|X) andW (Z) is weight vector
function of Z. The two key assumptions needed for (7) to provide consistent estimates of (θR, θM ) are the
following:

1. (M-A1). The baseline covariates Z need to predict the mediating variable, i.e., E(M |R = 1,Z)− E(M |R =

0,Z) cannot be constant in Z.
2. (M-A2). The baseline covariates Z cannot modify the direct effect of the treatment or the effect of the mediating

variable, i.e., θR and θM cannot depend on Z.

Assuming that they are not perfectly collinear, each element ofW (Z) corresponds to a separate identifying equation
for the corresponding structural parameter under certain assumptions. In her dissertation, Tom’s PhD student
Rongmei Zhang derived from efficient score criteria in Robins et al. (1992) the optimal choice of W (Z) under
the linear structural distribution model given additional working assumptions such as sequential ignorability and
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normal errors with constant variance. These additional assumptions impact efficiency but not the consistency of the
resulting estimators. The optimal W (Z) under these additional assumptions is (1, Ê(M |R = 1)− Ê(M |R = 0)).

Tom’s approach for mediation analysis with unmeasured confounding can be viewed as a generalization of his
approach for allowing for violations of the exclusion restriction in estimating the effect of receiving treatment in
randomized trials with nonadherence. Adherence can be viewed as a mediating variable. Note that if adherence is
the mediating variable M in 7, then (7) is equivalent to (2).

Tom’s PhD student Jennifer Faerber considered a potential outcomes model that allows for an interaction
between the mediator and the randomized treatment, i.e., Y (r,m)

i = Y
(0,0)
i + θMm+ θRr + θRMrm, and extended

the method of [50] to find consistent estimates when there is unmeasured confounding. Tom’s PhD student Rongmei
Zhang extended the efficient estimation criteria from the two parameter model to develop efficient estimates in this
model under additional working assumptions.

Regression based mediation analysis approaches that assume sequential ignorabilty have been developed for
various complex designs such as clustered designs and designs with multiple outcomes. A direction for future
research is to extend the approach that Tom initiated in [50] that allows for estimation in the presence of unmeasured
confounders of the mediator-outcome relationship to more complex designs. Another direction for future research
related to the mediation analysis approach Tom initiated in [50] is to design studies or identify common types of
studies in which there are baseline covariates that satisfy (M-A1) and (M-A2) which would enable the method of
[50] to provide consistent estimates. [45] discuss some possibilities, such as studies conducted at different sites for
which site might satisfy (M-A1) and (M-A2).

In [51], R. Gallop, Tom and collaborators developed a principal stratification approach for mediation analysis
that is the analogue of the G-estimation approach in [50] in the sense that it does not require sequential ignorability
but requires assumptions that the baseline covariates are not effect modifiers for the direct effect of treatment
within principal strata. Consider a binary mediator M . We have four principal strata: (i) Always mediated,
M1

i =M0
i = 1; (ii) Compliant Mediated, M1

i = 1,M0
i = 0; (iii) Defiant Mediated, M1

i = 0,M0
i = 1; (iv) Never

Mediated, M1
i =M0

i = 0. Although adherence is a special case of a mediator, there are two key differences
between the general mediation setting and the nonadherence setting discussed in Section 3.1: (1) We do not
want to assume the exclusion restriction as we are interested in estimating the direct effect of randomization;
(2) The monotonicity assumption that there are no defiant mediated subjects may not be plausible. Analogous to
the assumption (M-A2) for G-estimation, [51] assumes that there is no interaction between the baseline covariates
Z and the treatment assignment R within each principal stratum. In addition, parametric assumptions are made
about the distribution of potential outcomes within principal strata. Such parametric assumptions are needed for
identification without the monotonicity assumption, but are not needed for identification under the monotonicity
assumption. A direction for future research is, under the monotonicity assumption, to consider extensions of the
efficient nonparametric empirical likelihood approach of [23] to the mediation analysis setting.

Tom and M. Joffe wrote a review paper on mediation analysis [49] that provides a comprehensive review of the
statistical literature on mediation analysis.

3.3. Post-treatment Effect Modification and Designing Adaptive Treatment Strategies

In an adaptive treatment strategy, the treatment level and type are repeatedly adjusted according to an individual’s
need [52, 53]. For example, an adaptive treatment strategy for pediatric generalized anxiety disorder (GAD) is
the following: “First treat with the medication sertraline (SERT) for 12 weeks. If the child has not achieved an
adequate response to initial SERT (at week 12), augment by initiating a combination of sertraline + individual
cognitive behavioral therapy (CBT) for 12 additional weeks; otherwise, if child shows adequate response, maintain
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SERT alone for another 12 weeks”[54] An important part of designing adaptive treatment strategies is to choose
tailoring variables, variables that are used to decide how to adapt the treatment, and cutoffs for those tailoring
variables that will be used to adapt treatment. In the pediatric GAD example, the tailoring variables are the
variables used to decide whether the child has shown an “adequate response,” which could include symptom
scales. One area Tom was working on before he passed away was how to use data from simple randomized
clinical trials to suggest tailoring variables and adaptive treatment strategies that could be tested in a later
sequential multiple assignment randomized trials (SMARTSs; for discussion of SMARTs, see [52, 54]). Tom’s
idea was to examine in the simple randomized clinical trial whether there was effect modification by a post-
randomization variable; if there was effect modification, this would suggest that the post-randomization variable
may be a good tailoring variable. For example, Tom had some proof of concept results that for treating suicide
attempters in a way that prevents subsequent depression six months later, the effect of a cognitive behavioral
therapy intervention was modified by early hopelessness (hopelessness three months after the therapy had begun)
or early suicide ideation (suicide ideation three months after therapy had begun)[55]. The precise meaning of such
effect modification is as follows. Let R be the randomized treatment assignment and D be a post-randomization
variable. Then, there is effect modification by D if E(Y r=1 − Y r=0|Dr=1 = d) ̸= E(Y r=1 − Y r=0|Dr=1 = d′),
e.g., E(Y r=1 − Y r=0|Dr=1 = 1) > E(Y r=1 − Y r=0|Dr=1 = 0). Such effect modification by D suggests that if
Dr=1 = 0, it may be beneficial to modify the treatment strategy, i.e., use D as a tailoring variable.

We consider here a simple structural model for post-treatment effect modification, similar to other models
considered before:

Y r=0 = Y −Rψr −RDψrd. (8)

In this model, ψR is the effect of R among subjects whose post-randomization modifier if treated is 0, and
ψr +Dψrd is the effect of R among subjects whose post-randomization modifier if treated is D. Consider a
randomized trial in which treatment is assigned initially and continues over an extended period, both before and
after measurement of D. Denote the treatment received after measurement of the moderator by S, and suppose
that the subjects in the trial do not change treatments after initial assignment, so that S = R in the trial. We
may be interested in the implications of the trial for situations in which a subject may change treatment after
measurement of an indicator of whether the treatment is working, and so consider a model in which the initially
assigned treatment R may differ from later treatment S. Suppose we believe that the effect of the same treatment
received at later times is similar to that received at earlier times and posit a model expressing this belief:

Y r=0,s=0 = Y − (R+ kS)ϕr − (R+ kS)Dr=1ϕrd; (9)

which equals Y − (R+ kS)ϕr − (R+ kS)Dϕrd for the data observed in the trial since (R+ kS) does not equal 0
if and only if R = 1. In this model, the effect of treatment before the moderator (ϕr +Dr=1ϕrd) is proportional to
its effect after measurement of the moderator (k(ϕr +Dr=1ϕrd)). Suppose, for example, that we thought that the
effect of treatment was proportional to the amount of time treated; if D was measured halfway through the follow-
up period, we would then set k = 1, and if D was measured one third of the way through the follow-up period, we
would set k = 2. Model (9) is indistinguishable in the data from model (8) above. Under these conditions, if higher
values of Y indicate preferable outcomes, we might want to continue providing treatment after measurement of
D if k(ϕr +Dϕrd) > 0; i.e., in subgroups in which D > −ϕr/ϕrd. G-estimation of this model might proceed by
using estimating equations like (2) with weight functions

W (Z) = {1, E(D|R = 1,Z)}
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(basically the results from [56]). Such conclusions are highly dependent on the modeling assumptions embodied in
(9) and so would be better tested in a trial in which both initial treatment R and later treatment S are randomized
(we might randomize S only in subgroups based on D in which, based on initial analysis, continued treatment
appears to be harmful). Nevertheless, trials in which treatment is only assigned initially, followed by measurement
of post-treatment modifiers D but no changes in treatment, can be used for generating hypotheses for future testing
through estimation of models like (9). Tom had been working on extending these methods with his postdoctoral
fellow and former student Jennifer Faerber at the time of his death.

4. Conclusion

Tom made important contributions to causal inference and longitudinal/repeated measures categorical data analysis.
His research contributions will be greatly missed. Tom’s kindness, fairness, thought provoking questions and ideas,
enthusiasm for causal inference, statistics and science, sense of humor, encouragement and mentoring of students
and junior researchers and help to many people through his research and personal aid will also be sorely missed.
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