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Abstract

We propose a principal stratification approach to assess causal effects in non-randomized
longitudinal comparative effectiveness studies with a binary endpoint outcome and repeated
measures of a continuous intermediate variable. Our method is an extension of the principal
stratification approach by Lin et al. [10,11], originally proposed for a longitudinal randomized
study to assess the treatment effect of a continuous outcome adjusting for the heterogeneity of a
repeatedly measured binary intermediate variable. Our motivation for this work comes from a
comparison of the effect of two glucose-lowering medications on a clinical cohort of patients with
type 2 diabetes. Here we consider a causal inference problem assessing how well the two
medications work relative to one another on two binary endpoint outcomes: cardiovascular disease
related hospitalization and all-cause mortality. Clinically, these glucose-lowering medications can
have differential effects on the intermediate outcome, glucose level over time. Ultimately we want
to compare medication effects on the endpoint outcomes among individuals in the same glucose
trajectory stratum while accounting for the heterogeneity in baseline covariates (i.e., to obtain
“principal effects” on the endpoint outcomes). The proposed method involves a 3-step model
estimation procedure. Step 1 identifies principal strata associated with the intermediate variable
using hybrid growth mixture modeling analyses [13]. Step 2 obtains the stratum membership using
the pseudoclass technique [17,18], and derives propensity scores for treatment assignment. Step 3
obtains the stratum-specific treatment effect on the endpoint outcome weighted by inverse
propensity probabilities derived from Step 2.
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1 Introduction

Conducting comparative effectiveness research is a way to investigate what treatment works
for which patients under what circumstances [1]. Here we consider comparative
effectiveness studies (CES’s) that aim at assessing whether treatment effects on the endpoint
outcome differ due to the heterogeneity of an intermediate variable in a prospective
longitudinal cohort derived from existing databases. Findings of such CES’s (e.g., outcome
prediction models) can be integrated into future clinical practices to provide timely
recommendation to each patient regarding the treatment that yields better clinical
outcome(s) given the patient’s baseline covariates and the intermediate variable observed
[2-4]. The motivating example of this paper arises from a longitudinal CES in a clinical
cohort of patients with type 2 diabetes mellitus (T2DM) who received medical care in the
Veteran Administration Health Care System (VAHCS) during FY1999-FY2006. In this
clinical cohort, some of patients characteristics prior to the baseline (e.g., age and
comorbidity) may affect the glucose-lowering medication prescribed as well as the outcomes
of interest: cardiovascular diseases (CVVD) and mortality. Further, glucose response
(intermediate variable) may vary among patients within the same glucose-lowering
medication group, which can potentially modify the medication effect on CVD and
mortality. Our interest here is to assess the differential effects of two glucose-lowering
medications on CVVD and mortality (separately) conditioning on the intermediate glucose
trajectory while accounting for heterogeneity in patients’ baseline characteristics. For a
practical reason, the heterogeneity of longitudinal glucose pattern will be characterized in
terms of glucose response strata (e.g., patients within the same stratum have clinically
similar glucose levels over time [5]). In particular, the method proposed in this paper
capitalizes on the fact that glucose levels are routinely collected in clinical practice for
patients with T2DM, and this information can be useful for assessing patients’ intermediate
medication response. Depending on patients’ intermediate medication response (i.e., glucose
response), the treatment effect on CVD and mortality may vary. For example, suppose that
one of the medication is more effective among those with greater insulin resistance
(indicated by higher glycosylated hemoglobin Alc or HbAlc levels). Then there may
exhibit greater differential medication effect on CVD in the stratum with higher HbAlc
levels (see the analysis results in Section 3).

The methodological challenges for causal modeling of the longitudinal CES described above
include the following. (1) Unlike a randomized controlled trial (RCT), the comparison
groups in a non-randomized CES may not be compatible at the baseline, which can
potentially confound the treatment-outcome association (e.g., in Table 3, age is associated
with both medication prescription and the endpoint outcomes). Thus deriving causal
inference for a non-randomized CES often requires adjusting for baseline differences
between treatment groups. This adjustment for baseline differences requires (i) balancing the
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treatment groups based on complete covariates used for treatment assignment but not
involving the outcome, and (ii) sufficient overlap between comparison groups on these key
covariates [6]. (I1) A CES like an RCT, there may exhibit heterogeneity in post-treatment
intermediate variables (e.g., glucose response in our application example), which may alter
the treatment effect on the outcome of interest [7—13]. The principal stratification (PST)
technique has been developed to advance causal modeling by adjusting for post-treatment
heterogeneity [8-13]. However, PST has mostly been applied to RCT’s, whereas treatment
assignment in our example and many CES’s is nonrandom. To counter these complications
and to enhance the credibility of causal inference drawn from CES’s, a simultaneous
consideration of pre-treatment and post-treatment heterogeneity is necessary [2-4]. (111) An
additional challenge in the longitudinal CES setting to be tackled here is that the
intermediate variable is continuous and repeatedly measured. Characterizing principal strata
associated with repeated measures of a continuous intermediate variable based on growth
mixtures model (GMM) analyses appears to be promising in RCT’s [12,13]. However, much
research is needed to understand when (conditions under which) GMM can be utilized in
non-randomized studies to derive causally interpretable results.

This paper proposes a modeling framework that integrates GMM [14], PST [8,9], and
propensity score (PSC) [2] techniques to assess causal effects for non-randomized
longitudinal CES’s in the presence of imbalanced baseline covariates between treatment
groups and heterogeneity in a repeatedly measured continuous intermediate variable M. Our
method is drawn on the potential outcome framework, which allows an explicit specification
of causal effects based on the outcome distribution under all treatment conditions [15,16]. In
the context of PST, the (causal) treatment effect is drawn based on the difference in outcome
Y under all possible treatment conditions within the same study subject conditioning on the
potential outcomes of post-treatment intermediate variable(s) M [8,9].

Regarding PST analyses, we propose a modeling approach differing from that of Frangakis
and Rubin [8,9]. In Frangakis and Rubin [8,9], the definition of each principal stratum is
pre-specified based on the potential outcomes of M (e.qg., there could exist up to four strata
based on the combination of whether the value of M is above or below a pre-specified
threshold under control vs. treatment condition). In contrast, we consider an exploratory PST
approach similar to that of Lin et al. [10,11], where principal strata are determined jointly by
the data, underlying distributional assumptions, and substantive knowledge. More
specifically, our PST approach uses GMM to derive principal strata based on the likelihood
of repeatedly measures of a continuous intermediate variable under plausible assumptions
(see Section 2.4). GMM assumes that the study population originates from a finite number
of distinct strata such that the repeatedly measured intermediate variable (under all treatment
conditions) for individuals in each stratum follows a distinct multivariate normal
distribution, while the means/covariance within each stratum can differ by treatment
condition. These stratum membership in GMM however are not pre-defined nor observed,
and they are derived by identifying statistically distinct strata while appropriate model
constraints can be imposed to ensure substantive plausibility (e.g., restricting subjects of the
same stratum to have the same baseline regardless of the treatment condition, or null
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treatment effect in certain strata). Under certain assumptions (see Section 2.4), the strata
derived from the proposed GMM will meet the principal strata property.

There are several aspects that set this study apart from [10,11] and other related studies in
terms of the study design, the type of data targeted in the analysis, and modeling approach.
First, instead of using the latent class modeling technique by [10,11] which identifies
principal strata based on repeated measures of a binary intermediate variable in an RCT, we
employ a hybrid GMM technique [13] to identify principal strata based on repeated
measures of a continuous intermediate variable in a CES (see Section 2). Second, regarding
model estimation, under the randomization assumption of a RCT, Lin et al. [10,11] derived
causal effects on a continuous outcome based on the joint likelihood of the potential
outcomes of the intermediate variable and the observed endpoint outcome. In our case with a
non-randomized CES, we employed a 3-step estimation procedure. Step 1: identify principal
strata empirically based on GMM analyses. Step 2: achieve balance in baseline covariates
among treatment groups within each stratum through pseudoclass [17,18] and propensity
score techniques. Step 3: calculate causally interpretable stratum-specific treatment effects
on the endpoint outcome using separate logistic regression analyses for each stratum, where
the inverse stratum-specific propensity scores are incorporated as weights.

The organization of this paper follows: Section 2 describes the GMM approach of PST
analyses, model assumptions and constraints required, and estimation procedure. Section 3
applies the proposed methods to a CES example involving treatments for type 2 diabetes.
Section 4 summarizes the paper.

We introduce a causal model for our problem in terms of potential outcomes terminology.
Let Z; denote the treatment condition (e.g., prescribed medication in our application
example) for individual i, where Z; = 1, ---, p. For each individual i, X; denotes the
corresponding time-independent baseline covariates. Let Y be the generic binary endpoint
outcome of interest. Denote Y;(*) = (Y;(2), ..., Yi(p)) for the potential endpoint outcome of
individual i under p distinct treatment conditions. If Y for individual i is observed under

treatment condition Z; = a, we write Yi"bS:Yi(a). Similarly, denote M;(*) = (M;(2), -,
Mi(p)) for the potential outcome of the continuous intermediate variable measured
repeatedly from individual i under p distinct treatment conditions. We write M % =M (a) if
M for individual i is observed under treatment condition Z; = a. Let § denote the principal
stratum membership of individual i, which depends on M;(*), such as {§ = s: M;(*) € Qg}
with distinct and nonoverlapping subsets {Qg: s=1, ---, K}, or M;(*) of each stratum arising
from a different p.d.f. f{(m) and Pr(M;(*) € Q|S= s) = [ f{(m)dm for any measurable set
(also see Section 2.2 for details). In our setting (similar to that of our application example as
described in Section 3), the first element of M;(a), denoted by M;j1(a), measures the
intermediate variable for individual i under treatment Z; = a during the time period between
treatment assignment and the time point when treatment effect start to be revealed by M
(e.g., it is approximately a 3-month time window in our application example), and the
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remaining elements of M;(a) contain the measure(s) of the intermediate variable for
individual i during the rest post-treatment follow-up period (e.g., our application example
deals with the scenario with M;(a) = (M;1(a@), Mj2(a)). Under this setting, the distribution of
Mi1(a) is identical for all values of a among those in the same stratum. As discussed in
Section 2.4, having M;j1(.) as described above is useful (although not necessary) for model
identifiability under the GMM framework.

Our notations M and Scorrespond to the notations C (for repeated measures of compliance
status) and U (for principal strata associated with compliance over time) in [11].
Throughout, we focus on situations where the treatment condition of each individual (or the
realization of Z;) does not change during the study period (which holds in our application
example). However, our proposed model allows Z; to be influenced by baseline covariates
X;, including treatment(s) used prior to the baseline. Thus our method is suitable for
assessing the effect of the current treatment conditioning on prior treatment history and
intermediate response to the current treatment.

2.2 A Stratification Strategy

PST involves a categorization of study subjects in terms of their potential values of the post-
treatment intermediate variable under all treatment conditions, {M;(*) : i =1, ---, n}. The
main goal of PST analyses is to assess the differential treatment impact on the endpoint
outcome Y across strata.

Typically, one characterizes principal stratum membership Sin terms of {§ =s: M;(*) €
Qg} with distinct and nonoverlapping subsets {Q2s: s=1, ---, K} (see [8,9]). Since M;(*) is
only known up to the observed nz°% in practice (i.e., M**=M;(a)if Z; = a), S is
identifiable up to a mixture of strata that contains pz2t*. This stratification approach based

on a pre-specified rule of the potential outcome M;(*) is suitable for situations when there is
sufficient information about {Qs: s=1, ---, K} with respect to M;(*).

Strata Derived from Growth Mixture Modeling—For longitudinal studies with
multiple measures of M yet with limited knowledge regarding the specification of {Qg: s=
1, ---, K}, one may consider a more exploratory approach — GMM which characterizes
principal strata in terms of a latent mixture distribution: Pr(M;(*) € Q) = X5 [ fs(mlx) (g
x;)dm for any measurable set 2 (e.g., [12,13]), where t(gx) = Pr(S=gx) ands=1, ---, K.
The GMM approach assumes that the population arises from a finite mixture of distinct
subpopulations, with each M;(*) in stratum s following a distribution fs. In this framework,
since the number of strata (say K and K < oo) and the stratum distribution ({fs:s=1, -,
K}) usually can not be completely pre-specified, they are estimated from the empirical data.
It is possible to incorporate substantive knowledge into the GMM analysis to identify
principal strata by imposing constraints on model parameters. For example, among
individuals of the same stratum who receive the same treatment, it is sensible to restrict the
mean of Mj1(z) (M measured prior to the activation of a treatment) and the mean rate of
change in M to be the same [12]. It is also sensible to restrict the mean of M;;(z) to be the
same across all treatment groups in the same stratum [12].
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In our application example shown in Section 3, we conducted PST analyses using the GMM
approach to characterize the glucose control stratum membership based on {fs:s=1, ---, K}
derived from repeated measures of blood glucose level. The GMM approach characterizes
an individual’s glucose control stratum membership through quantifying his or her
likelihood of being ‘good” or “poor” control based on the observed glucose (e.g., HbAlc)
levels over time (e.g., characterized by a growth curve). This probabilistic characterization
of glucose control stratum membership based on GMM, compared to the cutpoint approach
(e.g., a single measure of HbAlc < 7% vs. HbAlc = 7%), seems to be more clinically
sensible as explained below. The 7% cutpoint of HbAlc is known as the threshold
associated with an increased risk of microvascular diseases. However, there is no clear
HbALc cutpoint identified for increased CVD risk. Also note that the relationship between
HbA1c and complications is subject to variation (or departure from the mean association)
across individuals [19]. Thus clinical decisions made based on the same cutpoint for all
individuals is likely to be suboptimal. In addition, HbAlc levels vary over time making this
a time-dependent variable. This temporal variation is not accounted for by the cutpoint
approach. In contrast, GMM identifies distinct glucose response strata based on HbAlc
trajectory over time, that is, it characterizes each individual’s glucose response in terms of
the probability of glucose response stratum membership given the individual’s glucose
measures. A recent study has shown that GMM analyses can be used to derive clinically
meaningful glucose control strata based on repeated measures of HbAlc over time [5].

Below we establish a causal modeling framework in the context of longitudinal CES with a
repeatedly measured continuous intermediate variable M and a binary endpoint outcome Y.
The goal is to assess the treatment effect on Y with a causal interpretation while accounting
for heterogeneity in M over time and imbalance in baseline covariates between treatment
groups. To this end, our proposed model integrates the PST, the latent variable mixture
modeling (GMM), and propensity score techniques.

We use the GMM below to derive principal strata associated with M:

M;(2)|Si=s;xi=T (Ajz))+T(A5;di)tesi, (1)

log (M) 'z @

W(SZ‘=80|CCZ‘)

where &g ~ N(0, Xg), vec(AZ,)~N (8, ;) With yec(AZ,) being the vector of elements in AZ,,
and (S = 9x%) = Pr(§ = 9x). In (1), T denotes the time covariate matrix associated with M
(e.g., T =1, ] for linear growth trajectory with t being the vector of time points at with M is
measured); A* is the matrix of covariate effects on growth factors in stratum s with row j

elements of A%, denoted by A ;, being the covariate effects on the jth growth factor; AZ, is
the matrix of the treatment effects on growth factors in stratum s for subject i with AZ; ;,, the
element on row j and column a of AZ, being the jth growth factor under treatment a for

subject i; and d; is the vector associated with treatment condition for subject i with the ath
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element being 1 and the rest elements being O when Z; = a. In (2), 4 denotes the covariate
effect on the log-odds of stratum s relative to the reference stratum sp. For some situations,
~* may be sufficient to explain the variation of M due to X. Then it is appropriate to set
A*=0 like in our application example.

The propensity score model of the treatment received for a subject i given § = sis assumed
to follow a (binomial/multinomial) logistic regression model,

Pr(Z;=a|S;=s;z; -
: (Pr((Zi=az)||Si=5;x3)> =Aati @)
with \* for the covariate effect on the log-odds of Z; = arelative to Z; = ag under stratum s,
where ag denotes the reference treatment group. Note that \Z, the log-odds of Z; = a
associated with x;, is independent of § based on assumption (A3) as described in Section
2.4. Later in Section 4, we discuss the implication of allowing the log-odds of Zj = ato
depend on both § and x;.

Finally, the endpoint binary outcome variable Y; given § = sis assumed to follow a logistic
regression model,

z (Pr(Y,;(z,;)=1|S7:=S;$«/:)

Pr( Y,;(z,;):0|S,,;:5;x,,;)> =Bzt fidi @)

with 37 being the covariate effects on the log-odds of Y, and the ath element of 37, denoted
by 3z, being the log-odds of Y = 1 under treatment a.

The model for potential outcomes (Y (*), M(*)) described in (1), (2), and (4) above
corresponds to the model for observed outcomes (YOPS, MObS) as follows:

Mi0b8|5i:5;zi;mi :T(Agzt)-l-T(A;dz)_'_esw
w(S;=s|z;) _
log (Fs5ary) =2

P YiOM:Z‘Si:S;Zi?zi) — AT z
lOg (P(Yl?bS:O\Si:s;zi;zi) _ﬁs ml+ﬁs dl'

Thus the stratum-specific treatment effect on the log-odds of Y = 1 can be assessed by the
estimate of (32, — 37 ) fora#za ands=1, ---, K.

2.4 Model Assumptions

Identifying causal effects under the potential outcome modeling framework is intimately
related to the underlying assumptions, primarily regarding the unobserved counterfactual
outcomes. Five default assumptions posited in this paper are listed below.

(Al) Balanced Propensity Score for Treatment Assignment assumes [Z|S = s, X] =
[Zi|S = s ngl, where ng = Pr(Zilx;, S).

(A2) SUTVA or stable unit treatment value assumption, originally coined by Rubin
[16], here in the context of PST analysis refers to the assumption that once we
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condition on § and covariates x;, the potential outcomes Y;(*) of a study subject
i is independent of the treatment assignment of any other study subject.

(A3) Treatment Ignorability consists of two components: (i) conditional treatment
ignorability assuming (Y;(*), M;(*)) L Z|S, x;, and (ii) § L Z|x.

(A4) Conditional Mutual Ignorability assumes Y;(*) L M;(*)|S, X, or conditional
independence between Y;(*) and M;(*) given covariates x; and stratum
membership §. This also implies [Y;(*)|Mi(*), ] = [Yi(™)|S, Xil.

(A5) Conditional normality assumes that M;(*)|§ follows a multivariate normal
distribution.

Remark. For the longitudinal CES considered herein, assumptions (A3)—(A5) are posited to
ensure that the strata S'sidentified by GMM analyses as described in Section 2.5 will meet
the property of principal strata [9]. In particular, (A4) is posited to ensure unbiased
estimation of the distribution of M (*) under the stepwise estimation procedure proposed in

Section 2.5, where }/i/,s are not involved in parameter estimation associated with M.
Therefore, assumptions (A1)-(A5) are sufficient for our proposed PST analyses of
longitudinal CES.

Plausibility of Assumptions (Al)-(A5)—Assumption (A1) means that conditioning on
S, all the systematic variation associated with the assignment of Z; due to observed
covariates X is the same as that due to the propensity score ng. This assumption assures that
propensity scores obtained are adequate to balance baseline covariates between treatment
groups within each stratum [6,20,21]. It is more general than [Z;|x;] = [Zin;] since besides X;,
it also allows the propensity score to depend on § — an inherent characteristic of an
individual that is captured by the stratum membership associated with a post-treatment
intermediate variable. Assumption (A1) is quite plausible in our application example
because it was derived from existing databases containing adequate baseline covariates that
predict treatment assignment as well as intermediate variable(s) for estimating S.

Assumption (A2) could be quite reasonable in studies where for subjects within the same
stratum, the treatment condition for one subject does not depend on the potential outcomes
Yi(*) of any other subject in the same stratum. Should (A2) hold true, it implies the
exchangeability among {Y;(*) : i = 1, --+, n} conditioning on § and X;.

Assumption (A3) is plausible under RCT’s where the treatment condition of an individual i
is independent of both the corresponding potential outcomes (Y;j(*), M;(*)) and S given x;.
The first component of (A3), conditional treatment ignorability assumption, (Y;(*), M;(*))
1 Z|S, %, could be realistic in some observational studies where the treatment assignment
depends on subjects’ potential intermediate response category § rather than the actual value
of the intermediate outcome. For example, in some clinical practices (such as the practices
in the VA health Care System considered in our application example), physicians often take
into account the uncertainty/variation when predicting patients’ potential intermediate
response to the medication at the time of prescribing the medication. The second component
of (A3), § L Z|x;, corresponds to the property of principal strata [9], which is not always
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plausible in observational studies. Nevertheless, as shown in our simulations (see Section 4),
the violation of § L Z|x; appears to have a limited impact on the estimation of the principal
effect.

Assumption (A4) is posited to ensure unbiased estimation of causal effects on Y in our
stepwise estimation procedure for non-randomized CES’s (see Section 2.5). It is appropriate
for situations where conditioning on stratum § and covariates x;, the potential outcome Y;(*)
is not affected by the actual values of potential outcome M;(*). Instead, given X;, Y;(*)
depends on M;(*) only through §. Under GMM analyses, this assumption can be met by
imposing appropriate model constraints, e.g., by restricting the within-stratum variation of
M;i(*) such that conditioning on x and S Y is independent of the within-stratum variation of
M.

Assumption (A5) is posited since the underlying parametric assumption of each mixture
component of a GMM is pivotal for determining principal strata associated with the
continuous M. That is, the validity of our exploratory method of principal stratification relies
on the knowledge about the distribution of M in a homogeneous population (i.e., within a
stratum). In our application example with M being the glucose measure HbAlc (%), it is
appropriate to assume that M follows a mixture of (multivariate) normals in patients with
T2DM as suggested in the prior literature [22,23]. Note that even though assuming (A5) is
scientifically valid, the normality assumption can be violated in a fitted GMM that
misspecifies the number of strata (such as being informed by residual diagnostics) [18]. In
the context of PST analyses, misspecifying the number of strata in GMM can affect the
estimation of principal strata and principal effects (see Scenarios I1l and 1V in Section 4 and
Tables 4 and 5.).

Compared to Assumptions in Lin et al. [11]—Assumption (Al) is not required in
[11] due to the randomization study design. For CES’s, (Al) is needed to assure that the
propensity score model for treatment group membership yields balancing scores to be
adjusted for in the outcome model for deriving the stratum-specific causal effect (see
Section 2.5).

Assumption (A2) is weaker than the SUTVA posited in [11] which assumes the same
SUTVA as that in [16]. It seems more plausible in CES’s to assume that the non-
interference of treatment assignment between study subjects holds within each stratum
instead of across all study subjects.

Assumption (A3) is default in [11] due to the randomization study design. For CES’s, (A3)
is assumed to assure that the stratum-specific treatment effect adjusting for the stratum-
specific propensity scores is causally interpretable (see Section 2.5). Note that (A3) is not
verifiable in either RCT or CES’s since the counterfactual outcomes are not observable.

Assumption (A4) is not required in [11] since the model estimation is derived based on PST

analyses of the joint likelihood of (v,°*¢, ... | v;°*) and (M1(*), ---, M(*)) (see equation (6)
in [11]). We assume (A4) to ensure that the information contained in Y does not affect the
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estimation of Sso that our stepwise estimation approach, which derives Shased on the
likelihood of (M1(*), ---, Mu(*)) (see Section 2.5), will result in consistent estimates of S

Assumption (A5) is not relevant to the situation considered in [11] where principal strata
were derived from binary intermediate outcomes using latent class model analyses.

Other Model Identifiability Assumptions (Optional)—Besides the assumptions
(A1)—(A5) described above, additional data or further model constraints may be needed to
identify stratum specific causal effects using our proposed GMM method.

For the longitudinal CES considered herein where there is a measure of the
intermediate variable M at baseline (or during the time period between treatment
assignment and the time point when treatment effect starts to be revealed by M),

restricting this baseline p72%s across all treatment groups within the same stratum
to have a common distribution (i.e., E(AZ; 1,)=E(Ag; 1,,) and

Var(A3; 1,)=Var(AZ; 1) foraz a and s=1, ---, K) is critical for the identification
of principal strata. To see the rationale behind this, we note that principal stratum
membership is considered as an inherent characteristic of study subjects [9]. Thus
for subjects originating from the same principal stratum with similar covariates,
M at baseline, regardless of their treatment conditions, should share a common

distribution (see [12]). On the other hand, if n7% assessed at baseline of two
individuals are significantly distinct, then they are likely to originate from different
strata regardless of their treatment conditions. For situations like our application
example as demonstrated in Section 3, where the baseline M’s are significantly

distinct between different strata, £(AZ; 1,) # E(Ag;q,)forszsanda=1, -, pis
usually sufficient to ensure strata identification.

In some situations, there may exist two distinct strata (say sand s') with M at
baseline having the same distribution (e.g.,

E(ASi10)=E (A 10)=E (A 10)=E (A 1,,) and

st,1la
V(ZT(A;J(L): VaT(Ai,;J{,/): Var(Aj/,,;J(,l): Var‘(Ai/,;Ju/) fora# a/ and s# S’) but

differing in other growth parameters (e.g., £(A7; j,) # £(A3; ;) for some j > 1),
then additional constraints on E(AZ; ;,) for j > 1 are needed for stratum

identification. Three identifiability constraints inspired by the work of [7] are listed
below.

(C1) “Exclusion restriction in treatment effect on M” restricts the stratum-specific

treatment effect on M to be the same across certain strata, where stratum-
specific treatment effect is assessed by the treatment effect on the rate of change
in M over time (i.e., the slope of M). That is to impose

{E(A5i 20) — E(A; 94)=06 : for certain s € (1, ---, K)}, where AZ; 5, denotes the

s1,2a’

slope associated with M under treatment a. A special case of (C1):
{E(ASi 20) — E(A%; 20)=6=0: for certain s € (1, ---, K)}, would be reasonable

s1,2a
for strata where the treatment effect on M is limited, such as “never responders”
or “always responders” with respect toM under all treatment conditions (see
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Figure 6 of [12]). In the context of GMM, two distinct strata subject to (C1) are
qualitatively different since the rate of change in M in each treatment group
differs by strata (e.9., E(AZ; 2,) # E(A%; 2,)). Thus their stratum-specific
treatment effect on Y may differ even for stratum with

E(ASi 0) = E(AS 20/)=0.

(C2) “Exclusion homogeneity in M” restricts the rate of change in M to be the same
across strata under a subset of treatment conditions. That is to impose
{E(ASi20)=" " =E(A; 5,) - for some treatment aand {(s, ---, §) € (1, ---, K)}.
Constraint (C2) differs from constraint (C1) in the sense that (C1) is a within-
stratum constraint across treatment conditions, while (C2) is a between-stratum
constraint for a certain treatment condition. Constraint (C2) would be reasonable
for a treatment that has a similar effect on M across strata, such as the glucose-
lowering effect of insulin at a given dose level.

(C3) “Monotonicity in treatment effect on M” restricts the directionality of the
treatment effect on M to be consistent across certain strata, but it allows the

magnitude to differ across these strata. That is to impose {E£(AZ; 2,)>E(AS; 20 ):
for some (a, &) and certain s {1, ---, K)}. This constraint limits the existence
of strata such that the directionality of stratum-specific treatment effect on M to
be the same across strata.

In general, model constraints posited to identify principal strata and causal effects should be
scientifically plausible in the content area since they limit the choices of scientifically
plausible strata. The main difference between (C1)—-(C3) and those in [7] is that in our setup,
the constraints do not involve Y.

2.5 Estimation

Under the randomization assumption (thus (A2) and (A3) hold), correct specification of the
distribution and the number of strata associated with M (i.e., (A5) holds), and appropriate
model identifiability constraints (if necessary), maximum likelihood estimates (MLE’s) of
causal effects can be derived from the likelihood below:

n K
11 { f(y?bs,mi(*)|552i;$i)7f(3|$i)} G
1

=1 \s=

However, since the randomization assumption is often violated in our CES setting,
consequently, Pr(Y?"| Zi=a, z;) # Pr(Yi(a)| Zi=a, ;) and deriving model estimates
based on (5) can result in biases (since even (A1)—(A5) hold, the imbalance in baseline
covariates between treatment groups is not accounted for under (5)). As a remedy, we
assume (A1)—(A5), and propose a 3-step estimation procedure as follows.

Step 1 derives principal strata based on (1) and (2) using the hybrid GMM approach by Jo et
al. [13]. This hybrid GMM approach first conducts GMM analyses to identify distinct strata
of M for individuals who receive the reference treatment, say Zj = z¢. These distinct strata
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under the reference treatment condition are derived by computing MLE’s for the following
likelihood:

Krcf
I1 {Z f (m?bs|Sref=8refswz‘)ﬂ(sref:&ef%‘)}’ ®)

{’L.:Zi:zref} STEfII

where S denotes reference stratum membership, and K¢ is the pre-specified number of
reference strata in each GMM analysis with its optimal value being determined by model fit
and substantive knowledge. Then the pseudoclass technique is used to obtain one
pseudovalue of S for each individual in the reference treatment group. That is, for each
subject i in the reference treatment group, the pseudo S ¢ membership, Sy, is obtained by
drawing a random sample from the multinomial distribution with probabilities

{Pr(Smfﬂ-:s\xi;M;’b“”):5:1, -+, Ky} (i.e., the estimated posterior probabilities of
reference stratum membership from GMM analyses of the reference treatment group). To
derive principal strata associated with M;(*) based on M and 5, we conduct subsequent
GMM analyses of all treatment groups by deriving MLE’s from the following likelihood:

K
11 {Zf(mfbs|3;Sref=h;$i)77(5|$i)} 11 {Zf(mfbs|3§zi;$i)77(3|$i)}v @

{i:Zi=2rr} \ SEPR {i:Z;#2p} \s=1

where the estimated s, is treated as the known S for the reference treatment group, S¢f is
missing-at-random in the non-reference treatment groups, and {Py, -, Pk, } is a partition
of {1, ---, K} such that s€ Py for g =hforh=1, ---, K¢ (for example, P,, = {h} for h=1,
-+, Kwhen K;g = Kand S= S¢; or Py = {1, 2} and P, = {3, 4} correspond to K;g =2, K=
4,Segi=1lwhen§=10r§ =2 and S¢,; =2when § =3 or § = 4). Under Assumptions
(A3)—(A5) and the pseudoclass property [18], principal strata § can be derived from the
hybrid GMM analysis [13] by drawing a random sample from the multinomial distribution

with probabilities {Pr(S;=s|zi=a;z;;M?"*):s=1,--- ,K,i=1,--- , n} (i.e., the estimated
posterior probabilities of stratum membership).

In our GMM analyses, both K, and K are pre-specified in each model estimation. The
optimal K¢ and K along with other model parameters are determined based on goodness-of-
fit indices [24,25] and model diagnostics [18]. To ensure model identifiability given that
each M;(*) is observed only under the treatment received, certain constraints on model
parameters may be required (see Section 2.5). The EM algorithm [26] implemented in the
Mplus software [27] was used in this paper to carry out the ML-EM computation in Step 1.
Under assumptions (A3)—(A5), the reference strata identified based on (6) will be coarse
principal strata since they are distinct strata associated with M under the reference treatment
condition. Then (7) incorporates the reference stratum membership (or coarse principal
stratum membership) derived from (6) using the pseudoclass technique, the data from both
treatment groups, and certain model constraints (as needed) to identify principal strata.

Step 2 calculates principal stratum specific propensity scores of treatment condition by
modeling the log-odds of a treatment group membership relative to the reference treatment
group membership as a linear function of baseline covariates x for each stratum (see (3)). In
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this step, each subject’s principal stratum membership is obtained using the pseudoclass
technique [17,18] — for each subject i, the pseudostratum membership is obtained by
drawing a random sample from the multinomial distribution with probabilities
{Pr(Si:s|zi;xi;Mi0bs):s:1, ..., K,i=1,---,n} estimated from Step 1. Suppose that the
distribution of M;(*) is correctly specified. Then under (Al), the pseudostratum specific
propensity score of treatment group membership will meet the balanced score criterion
[6,20,21].

Step 3 conducts stratum specific logistic regression analyses based on (4) to assess the odds
ratios of a binary endpoint outcome Y among the treatment groups while adjusting for
stratum-specific propensity scores of treatment conditions. That is, for each s, the stratum-
specific treatment effect is derived based on

1 { {eap(8ymit87 di)} ™ } .
ot Ul eap(BratBdy) J = @

Since we are interested in the treatment effect on Y in the population setting, propensity
scores derived from Step 2 are incorporated as inverse probability weights (IPW) [2] in the
estimation. However note that IPW can lead to instable estimates if there exist propensity
scores that are very close to 0 or 1. In this case, propensity score matching is recommended,
and the resulting causal effects are limited to those matching pairs.

Finally, according to the pseudoclass theory [18], hypothesis tests are derived based on an
average of multiple independent repetitions of Steps 2 and 3 (100 repetitions was used
throughout this paper): final estimates and standard errors being the averaged estimates and
the square root of averaged variances from all repetitions. Under (A1)—(A5), the derived
stratum specific IPW estimate of treatment effect is unbiased and causally interpretable.
GMM validation is assessed by Akaike information criterion (AIC) [24], Bayesian
information criterion (BIC) [25]), and residual diagnostics [18].

Table 1 below summarizes the 3-step estimation procedure described above, and an
alternative 3-step estimation procedure. The only difference between the two procedures is
in Step 1, where two different GMM approaches, [12] vs. [13], are used to derive principal
strata. A comparison of these two procedures is demonstrated in the application example
below.

3 Application Example

The efficacy findings of rosiglitazone (RSG) on cardiovascular risk or mortality in T2DM
assessed by randomized control trials have not been consistent [28]. As RSG was commonly
used as an add-on oral glucose-lowering agent in clinical practices at the VAHCS, the
objective of our analyses was to compare the effectiveness of RSG as an add-on oral agent
to sulfonylureas plus metformin combination (RSG+SU+MET) relative to that of
sulfonylureas plus metformin combination (SU+MET) conditioning on HbA1c trajectory
strata using a VAHCS cohort during October 1, 2002 and May 31, 2006. Our primary
outcomes were CVD related hospitalization and mortality, both being binary with 1 denoted
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for event occurrence and 0 for no event. The study cohort was limited to a well
representative random sample of veterans who participated in the VA Large Health Survey
(LHS) conducted in 1999 since LHS is the only VAHCS data source that contains diabetes
duration, a potential predictor for both glucose-lowering medication prescribed and CVD
outcome. Then using the inpatient and outpatient records in the VAHCS databases, we
identified patients who had at least one primary care visit as well as a diagnosis of T2DM
(ICD-9 code = 250.00 or 250.02) each year during FY1999-FY2000. We excluded patients
who were not eligible for RSG use due to safety or tolerability concern (i.e., those who had
previously diagnosed for CVD, liver or renal diseases). Those who had been prescribed
insulin or pioglitazone during the study period were also excluded. To obtain a reliable
measure (indicator) of newly use of SU+MET, we required each study subject to have had
SU or MET as the mono class of glucose-lowering medication prior to SU+MET starting.
Furthermore, to make sure an accurate measure of the CVD related hospitalization event
during the study period, we required each patient to have had at least one outpatient visit to
the VAHCS primary care clinics each year during the study period. The study cohort was
comprised of 4,442 individuals who had prescription(s) of SU+MET combination for = 90
days, among whom 830 had RSG for = 90 days as an add-on to (SU+MET). The cutpoint of
90-day exposure was chosen to make sure that patients in each group have had sufficient
exposure to the respective glucose-lowering medication.

The intermediate variable in this study was the HbAlc level. For each patient, two HbAlc
measures were used in the analyses: the mean HbA1c within 90-days since the medication
prescription as well as the accumulated mean during the remaining study period (due to
limited measures of HbALc in each patient during the post-treatment study period).
Covariates adjusted for in the analyses included patients age, diabetes duration at the
baseline, age-adjusted Charlson co-morbidity score, and race/ethnicity.

Verification of Model Assumptions

Assumption (A1) balanced propensity score for treatment assignment is plausible in this
study using the well-validated VAHCS databases that contain critical baseline covariates for
predicting treatment assignment as well as intermediate variable(s) for estimating §. The
first component of (A3) conditional treatment ignorability assumption would be plausible
under no unmeasured confounding. In this study the glucose-lowering medication Z; chosen
by the physician was typically based on VA clinical practice guideline regarding the
recommendation for glucose-lowering medication [29] - the guideline recommended
medication prescription based on patients’ baseline characteristics x; in terms of medication
safety, tolerability, and efficacy. Since all study subjects met the safety and tolerability
criteria, the primary factors (pertaining to efficacy) that could influence medication choice
were patients” demographics, previous medical history, and potential glucose-lowering
response to the medication (i.e., §), which were all adjusted for in our analyses. Although in
diabetes research, patients’ behavioral factors (e.g., lifestyle and self-glucose monitoring)
could be potential confounders, these factors that were available in the VA databases were
found not to be significantly associated with the outcomes. Also note that in the general
health care facilities, physicians experience and preference on treatment are more variable
than those in the VA system, and they could be potential confounders to be adjusted for. The
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extent to which the departure from the first component of (A3) may affect model estimation
is shown in our simulations under Scenarios 11 and 1V (see Section 4). It is reasonable to
assume that the potential glucose response to the medication is perceived by physicians as a
categorical variable § (instead of the actual glucose value). This is because that glucose
measure HbA1c is subject to intra-assay, inter-assay [30], and seasonal variation [31]. Thus
patients with glucose response falling within a similar range are more likely to be stratified
into the same category and share similar clinical decision (e.g., prescription). The second
component of (A3), § L Z|x;, may not be plausible in this observational study.
Nevertheless, our simulation results in Section 4 suggest that departure from § L Z;|x; seems
to have limited impact on model estimation. Assumption (A2) conditional SUTVA could be
quite reasonable in this study since the VAHCS promotes patient-centered care and
evidence-based medicine, and therefore for patients within the same glucose-response
stratum, the glucose-lowering medication Z; chosen by the physician for patient i should not
be driven by the potential glucose levels or CVD outcome from any other patient in the
same stratum. Assumption (A4) conditional mutual ignorability (or Y;(*) L M;(*)|S, %)
should be plausible for our situation here since each glucose response stratum identified by
GMM is clinically sensible with appropriately bounded HbAlc and thus similar CVD/
mortality outcomes (see Table 3). The normality assumption (A5) is plausible according to
prior studies [22,23].

In our primary analyses, Step 1 derived principal strata associated with the two repeated
measures of HbAlc using a hybrid GMM approach [13]. We first explored the HbAlc strata
under each treatment group using separate GMM [14] based on (6), which suggested two
strata with two distinct baseline HbAlc under each treatment condition. The stratum-
specific distribution of HbAlc at baseline is similar between the two treatment groups,
which suggests K = K¢ = 2. Then according to (A3), we derived HbAlc strata using both
treatment groups jointly based on a GMM, where within each stratum, the intercepts for the
two treatment groups are restricted to be the same but the slope can vary by treatment (this
constraint also limits K = K, = 2). As shown in columns 2-3 in Table 3, the estimated
principal strata were robust to the choice of the reference treatment group in the hybrid
GMM analyses of HbAlc trajectories. The purpose of conducting hybrid GMM analyses is
to strike a balance between the empirical fit to the data and obtaining Sthat permits a causal
interpretable GMM. Model fit of GMM was assessed by AlIC [24], BIC [25], and residual
diagnostics [18]. Under (A3)-(A5), these HbAlc strata derived from GMM are principal
strata associated with HbAlc.

In Step 2, we first obtained the HbAlc stratum membership for each individual using the
pseudoclass technique [17,18]. That is, we drew a random sample from the binomial
distribution with probabilities equal to the posterior probabilities of stratum membership
conditioned on each individual HbA1c values (i.e.,

{Pr(Si:s|zi;xi;M;’bs):3:1, 2,i=1,--- ,n}). Then the stratum-specific propensity score of
each treatment condition was derived by modeling the log-odds of receiving (SU+MET
+RSG) vs. (SU+MET) as a linear function of baseline covariates x (including age, mean
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HbA1c prior to the medication prescription date, race/ethnicity, duration of T2DM, and
comorbidity) for each stratum.

Step 3 calculated the odds ratios of a CVD (or mortality) event between the treatment groups
for each stratum while adjusting for stratum-specific propensity scores of treatment
conditions. The stratum membership obtained from Step 2 was used here. The stratum-
specific propensity scores obtained from Step 2 were incorporated as inverse probability
weights (or the reciprocal of the propensity scores were specified as the weights) in the
logistic regression analysis based on (4). As shown in Figure 2, the IPW estimates are
appropriate here since no extreme propensity score was found in the study.

Finally, following [18], we conducted model estimation and hypothesis testing of the RSG
effect on CVD and mortality based on the average of the estimates and variances from 100
independent repetitions (pseudoclass draws) of Step 2 and Step 3: final estimates and the

associated variances being the average of the estimates and variances from each repetition.

The Step 1 hybrid GMM analyses, with the (SU+MET+RSG) group being the reference
group, identified two HbALc strata: poorer glycemic control stratum (22%) with means of
HbA1c at baseline and post-treatment period being (8.55, 8.60) for the (SU+MET) group
and (8.55, 8.96) for the (SU+MET+RSG) group, and better glycemic control stratum (78%)
with means of HbAlc (7.23, 7.00) for the (SU+MET) group and (7.23, 7.09) for the (SU
+MET+RSG) group. These glucose response strata identified by GMM appear to be
clinically sensible: (i) the stratum with higher HbAlc levels is subject to greater variability
compared to the stratum with lower HbAlc levels [30]; (ii) the stratum with lower HbAlc
levels is clinically homogeneous; and (iii) the stratum with higher HbAlc levels could be
subject to clinical heterogeneity, but the data was not powered to detect it statistically.
Patient characteristics by the combination of medication group and glucose stratum
membership are summarized in Table 2.

Then the result of repeating Steps 2 and 3 showed that the odds ratio (OR) of CVD was 0.28
for the (SU+MET+RSG) group vs. the (SU+MET) group with a 95% confidence interval
(CI) equal to (0.09, 0.83) in the poorer glucose control stratum, while in the better control
stratum the OR of CVD was 0.76 with a 95% CI equal to (0.55, 1.06). The above results
suggested that if all assumptions hold true, RSG as an add-on to (SU+MET) could be
associated with a reduced CVD-related hospitalization among those type 2 diabetics with
poorer glycemic control overtime, while RSG was not associated with increased mortality in
either glycemic control stratum (results shown in column 2 of Table 3). Similar results were
found when the (SU+MET) group was used as the reference group in the Step 1 hybrid
GMM analysis (see column 3 of Table 3).

Secondary Analyses—For the Step 1 analysis in this example, we have also considered
the GMM approach in [12] to derive principal strata associated with HbAlc based on the
likelihood of observed M from both treatment conditions (see column 4 of Table 3). This
method resulted in similar HbA1c strata as those identified by the hybrid GMM approach
[13]. The necessary and sufficient conditions under which the two GMM approaches lead to
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the same result remains a topic for further research. For this application example, we believe
that assumption (A4) and the robustness of the choice of reference treatment group in the
hybrid GMM analyses could be the key.

Interpretation—Using a rigorous causal modeling approach, we found that RSG use in
this VAHCS cohort not to be associated with an increased CVD risk as reported in previous
studies. This result could be explained by that (i) the study cohort was restricted to those
who met the drug tolerability and safety criteria; and (ii) the VAHCS has adopted a more
restricted guideline regarding RSG use compared with that used in the other health care
systems [32] which appears to be consistent with a recent announcement by the FDA
regarding restricting RSG use [33]. The FDA guideline is more restrictive than is the
VAHCS guideline. In particular, with the adjustment of covariates, propensity score of
treatment group, and glucose strata in our analyses, our result suggested that RSG as an add-
on to (MET+SU) could reduce CVD hospitalization among individuals in the poorer
glycemic control stratum. Since the RSG effect on HbALc is not clinically significant in
either stratum, its effect on CVD is likely to be through a pathway that is independent of its
glucose-lowering effect as suggested in the literature [34]. Regarding the significant
beneficial effect of RSG on reduced CVD among those with poorer glycemic control, it
could be due to that the poorer glycemic control group tends to be more insulin resistant or
obese, who, in theory, respond to RSG better compared to the better glycemic control group
[35,36].

4 Simulations

4.1 Primary

To evaluate the performance of our proposed methods for applications similar to our
example here, we have conducted simulations under various departures of model
assumptions for non-randomized studies. We focused on assumptions (A3)—(A5) since they
are not typical in the previously established causal modeling framework. We considered four
scenarios, each with simulated data that reflect a different degree of departure from (A3)-
(A5) while no violation of (A1) nor (A2). Scenario | assumes no violation of (A3)-(A5);
Scenario 11 assumes violation of (A4); Scenario 111 assumes violation of the first component
of (A3) and (A5); and Scenario IV assumes all violations in Scenarios Il and 111. To set up
the violation of (A4) for Scenarios Il and 1V, we let the log-odds of Y; = 1 depend on the
slope of M; such that log(Pr(Yi(a)=1|S;=1)/Pr(Yi(a)=0|S;=1)=0.3%A%; 5, and
log(Pr(Yi(a)=1|5;=2)/Pr(Yi(a)=0|S;=2)=0.8%A%; , where AZ; 5, denotes the slope of
M for subject i with § = sand Z; = a. To set up the violation of the first component of (A3)
and (A5) for Scenarios I11 and IV, we let 20% of the control group in stratum 1 have the
mean of baseline M that is one unit lower than the counterfactual M at baseline among those
in the treatment group (for example, this 20% subset could represent individuals who are
motivated under the control condition; see columns 4-5 of Table 4). In terms of the
treatment assignment in each stratum, we first derived the distribution of x; based on the
baseline comorbidity scores seen in our application example, and then the propensity score
for the treatment group of each subject was derived under § L Zj|x; (the second component
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of (A3) holds) for each Scenario such that log(Pr(Z; = 2|x;, § = 1)/Pr(Z = 1|, S =1)) =
log(Pr(Z; = 2%, § = 2)IPr(Z = 1|x, § = 2)) = 0.5 * x;.

We then considered the possibility of departure from § L Zj|x; separately since it is the key
property of principal strata [9], but not warrant by GMM analyses under CES’s. To assess
the impact due to violation of § L Zj|x;, we considered situations allowing Pr(Z; = S =s,
X)) #Z Pr(Z; = a§ = ¢, x) in conjunction with Scenarios I-1V, where Pr(Z; = a|S = s, x;) #
Pr(Zi = alS = ¢, x) was constructed by assuming log(Pr(Z; = 2|x;, § = 1)/Pr(Z; = 1|x;, § =
1)) =0.5* x; and log(Pr(Z; = 2|x;, § = 2)/Pr(Z; = 1|%, § = 2)) = X;.

In our simulated data, we set n = 1000 in each dataset and n = 500 for each stratum. The
model parameters that generated M and Y are given in Table 4. These true model parameter
values were chosen such that they are comparable to the model estimates in the application

example. Once we obtained szs within each stratum based on the propensity score model for
the treatment group, the intermediate and endpoint outcome variables were then generated
based on

]\4'14(‘2,i>|si:5 :T(Afzdl)—f—e%’
W(Si:S‘ Zi:a _
log (ZS=AZ=4)  =ys0+vids,

Pr(Y;(a)=1|S;=s) _ z z
log (Pr(Yi(a):0|Si:s)) =Fso+5ditasAG; 45

where s=1, 2, ag= 0 under Y;j(*) L M;(*)|S, % (Scenarios | and Il), and ag= 0.3 under the
violation of Y;(*) L M;(*)|S, x; (Scenarios 111 and IV). Our simulation results were derived
based on 500 independent simulated datasets using the estimation procedure as described in
Section 2.5. Table 5 presents the simulation results: the top panel was derived based on
GMM’s assuming § L Zj|x;, and the bottom panel was derived based on GMM without the
constraint § L Zj|x;. We conclude our simulations below.

* Under no violation of model assumptions (i.e., Scenario | in conjunction with § L
Z;|x), the biases associated with treatment effect (relative to the standard errors) on
the endpoint outcome Y or the trajectory parameters of M are negligible as
expected. The coverage associated with treatment effects on Y fall between
(0.794,0.888). These results are similar to those when only § L Zj|x; is violated —
the coverage associated with treatment effects on Y fall between (0.764,0.926).
Since the model that generated the simulated data was comparable to the model
estimates from the application example, the results under Scenario | imply that
under no violation of model assumptions, for studies with cohorts similar to that in
our application example, our proposed method is expected to find consistent
estimates for principal strata and principal effects with the coverage of true
principal effects similar to those shown in column 2 of Table 5.

e Under the violation of (A4) (i.e., Scenario Il), regardless whether § _L Zj|x; is
violated, the biases associated with treatment effects on the endpoint outcome Y or
the trajectory parameters of M seem negligible. Also, the coverage of the treatment
effects on Y is slightly inferior to that under Scenario I.
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Under the violation of model assumptions (A3) and (A5) (i.e., Scenarios Il and
IV), there are substantial biases associated with trajectory parameters of M.
Compared to Scenarios | and 1, although the biases associated with treatment
effects on the endpoint outcome Y remain negligible, the coverage of treatment
effects on Y is generally reduced. Despite the biases associated with the trajectory
parameters of M, the biases associated with treatment effects on the endpoint
outcome Y are limited. This could be explained by (i) while Y is correlated with M
via its slope conditioned on the stratum, this association is the same for all the
control group in stratum 1, regardless whether (A3) and (A5) are violated; and (ii)
compared to the rest of the control group in stratum 1, the 20% of the control group
in stratum 1 who violate (A3) and (A5) their M’s are more distant from M’s of
subjects in stratum 2, and hence the impact on estimating the distribution of Y due
to biased estimation of M (or misstratification) is limited. Note that under Scenarios
Il and 1V, the number of principal strata in the fitted GMM is misspecified: the
true model assumes K = 3, while the fitted GMM assumes K = 2. Thus these
simulation results can also be interpreted as the impacts of misspecification of K on
the estimation of trajectory strata and treatment effects on the outcomes.

The simulation results above suggest that our stepwise estimation procedure proposed in
Section 2.5 yields robust principal effects regardless the biases associated with estimating
the distribution of M under various departure from (A3)-(A5). To further evaluate the
robustness of our proposed stepwise estimation procedure for PST analyses, we examined
the asymptotic correlations among parameter estimates associated with M (e.g., e;’s) and
those associated with Y (e.g., B;’s). We expanded our investigation of Scenario Il above
under each of the following study designs: six repeated measures of M with n=200 and n =
1000, and two repeated measures of M with n = 200, where model parameters associated
with M are the same as those shown in column 2 of Table 4, while the model associated with

(I1 — a)log(Pr(Y;(a)
:1|Si
=s)/Pr(Y:(a)
=0|S;
:s):l.ll*Aii,la;(H

—b)log(Pr(Y;(a)

=1|Si

=s)/Pr(Y;(a)

:0|Si

=5)=1.655%A%; 9,;(11

—¢)log(Pr(Yi(a)

=1|Si

=s)/Pr(Y;(a)
=0|S;

Y assumes: =5)=0.74xA3; 5, ;and
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(IT — d)log(Pr(Yi(a)=1|S;=s)/ Pr(Yi(a)=0|S;=5)=0.02%A%; 4,. It shows that under (ll-
a)—(11-c) the asymptotic correlations between 6;’5 and B;’s fall in (-0.04,0.05), and their
asymptotic 95% confidence intervals, derived either empirically from 500 simulations or
based on Fisher’s Z-transformation [37], all contain O — these small correlations among
model estimates imply the nearly orthogonality between parameter estimates associated with
M (6;’5) and those associated with Y (B;’s). In contrast, under (11-d), the asymptotic
correlations between 6;’5 and B;’s fall in (-0.27,0.33), and the asymptotic 95% confidence
intervals of some correlations do not contain 0 (imply non-negligible correlations between
parameters of M and parameters of Y). These results suggest that deriving principal strata
based on M(*) only (instead of (YOPS, M(*)) jointly) under the GMM framework may have
limited impact on the estimation of principal strata even when Y is correlated with M
conditioning on S Based on [38], one potential explanation for this phenomena could be that
parameter estimates associated with M are “insensitive” to parameter estimates associated
with Y when (i) the Fisher orthogonality holds between parameter estimates associated with
Y and parameter estimates associated with M under a bounded association between Y and M
(e.g., under (I1-a)—(11-c)), or (ii) some “insensitivity” criterion similar to the equation (2) in
[39] holds even in the absence of the Fisher orthogonality (e.g., (11-d) when the association
between Y and M exceeds a certain threshold).

5 Summary

Longitudinal studies often contain rich data for principal stratification analyses, which yet
requires complex modeling. This paper demonstrates that the GMM approach can be
effective for identifying principal strata in longitudinal studies under scientifically plausible
model assumptions and identifiability constraints. In particular, the GMM technique is
integrated with both PST and PSC techniques to identify principal effect using a 3-step
estimation procedure in the context of longitudinal CES. This integration is critical to
warrant rigorous causal analyses since in the longitudinal CES setting, the treatment
assignment often depends on baseline characteristics, and that the treatment effect may vary
by the heterogeneity of the intermediate variable(s). The proposed causal model is applied to
a longitudinal CES of T2DM.

Properly accounting for confounding has been a major focus in causal modeling research.
Below we use two examples to demonstrate its importance in analyses of longitudinal CES.
In contrast to the causal model proposed herein, GMM analyses of the application example

based on a one-step estimation of the joint likelihood of (y¢%, ... | 42" My (),--- , M, ()
without propensity score adjustment (which is not appropriate for this non-randomized CES)
found no significant RSG effect on CVD nor on mortality in either stratum (OR for CVD in
the better control group was 0.90 with 95% CI = (0.45,1.81); OR for CVD in the poorer
control group was 0.28 with 95% CI = (0.05,1.59); OR for mortality in the better control
group was 1.31 with 95% CI = (0.73,2.39); OR for CVD in the poorer control group was
0.97 with 95% CI = (0.30,3.14)). This result differed from the 3-step GMM analysis results
shown in Table 3. The discrepancy associated with the RSG effect on CVD found in these
different analyses suggests the impact of conducting PST analyses ignoring the fact that the

study was not randomized. We have also compared our results in Table 3 to a naive logistic
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regression analysis where covariates and HbAlc values were adjusted for as predictors. The
logistic regression analyses showed that RSG was not significantly associated with CVD
hospitalization (OR = 0.78, 95% CI = (0.39, 1.31)) nor mortality (OR = 1.19, 95% CI =
(0.74, 1.90)). It was expected that the estimated OR’s associated with CVD and mortality
derived from the naive logistic regression analyses would be closer to those in the better
control stratum (78% of the sample) as shown in Table 3, while the confidence intervals
were wider in the naive logistic regression analyses due to combining subjects from different
HbA1c strata. The discrepancy in the RSG effects found above suggests the impact of
ignoring strata (or a special case of misspecification of the number of strata) and the fact that
the study was not randomized.

Note that our results are subject to plausibility of assumptions (A1)—(A5) which are not all
verifiable with the data available to us. Our simulations shown in Section 4 suggests that the
violation of (A3)—(A5) has a limited impact on the estimation of the treatment effect on the
endpoint outcome. Further sensitivity analyses are needed to study the potential and
limitation of the proposed method. For example, an approach that integrates the pseudoclass
technique [18] and the technique in [39] can be considered for assessing the differential
impact on misstratification, and biases in stratum-specific propensity scores and principal
effects due to various departure from model assumption (A3). In particular, the violation of
(A3) and (A5) can be due to misspecification of the number of strata in PST analyses using
GMM. Therefore, it is critical to use more robust statistical procedures (e.g., BIC [42,43]
and comprehensive residual diagnostics [18]) to identify the correct number of mixture
components in GMM.

Besides assumptions (A1)-(A5), further model constraints or additional data are often
needed to identify stratum specific causal effects. A rather challenging situation in PST
analyses using GMM (although not seen in our application example described in Section 3)
is when two different principal strata under the same treatment condition differs in the mean
rate of change in M during the post-treatment follow-up period, but not M at baseline (e.g.,
two strata with the same baseline but different mean rates of change in M under each
treatment condition). In this case, it is possible to identify principal strata and principal
effects under additional model constraints. Three identifiability constraints inspired by [7]
are described in Section 2.4.

For longitudinal CES’s with a continuous intermediate variable M measured repeatedly and
a binary outcome, our proposed method is appropriate for assessing the heterogeneity of
principal effects across strata, or whether the treatment effect on the endpoint outcome Y
varies by the trajectory stratum of the intermediate variable M. In general, comparing
principal effects across strata can be viewed as moderation analyses since it assesses the
extent to which the treatment effect on the endpoint outcome varies by the intermediate
response to the treatment. In certain situations, comparing these principal effects can lead to
mediation analyses [40,41]. For example, if there are two strata where the mean trajectories
of M for the control group are the same between the two strata, but the treatment effect on
the slope of M differs between the two strata: one stratum with a null treatment effect on the
slope of M, and the other with a non-null treatment effect. Suppose that the treatment effect
on the endpoint outcome is mediated by the treatment effect on the slope of M. Then the
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indirect treatment effect (or the treatment effect on Y that is mediated by M) can be assessed
by the difference in treatment effects on Y between these two strata, and the natural direct
treatment effect on Y can be assessed by the treatment effect in the stratum with null
treatment effect on the slope of M. In this type of mediation modeling, (A3) together with
Yi(*) L S(*)|x is equivalent to the sequential ignorability assumption in the sense of [38],
which is crucial for causal mediation analyses in the GMM framework proposed here.

Finally, while there exist two promising GMM approaches for PST analyses in Step 1
[12,13], it is not yet completely clear how they are connected to one another (e.g., the two
approaches yield similar result in our application example as well as that in [13]. We should
be able to gain more clarity on this subject by conducting sensitivity analyses to examine
how different model assumptions/constraints affect the similarity or departure between the
two GMM approaches.
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Figure 1.
Q-Q plot of Propensity Scores for Receiving RSG+SU+MET: RSG+SU+MET Group Vs.

SU+MET Group (open circle: better glucose control stratum solid circle: poorer glucose
control stratum)
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Table 1

GMM Analyses and Causal Effect Estimation

Assumptions

Estimating Likelihood Estimating Procedure

(A1)-(A5) 1) &(2) Step 1: Jo, Wang, lalongo (2009) hybrid GMM
3) Step 2: stratum-specific propensity score
4) Step 3: IPW logistic regression
(A1)-(A5) 1) &(2) Step 1: Muthén and Brown (2009) GMM
3) Step 2: stratum-specific propensity score
4) Step 3: IPW logistic regression
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Descriptive Statistics (Means/Standard Deviation or %) by Medication Group and Glycemic Control Stratum
in the Application Example

Poorer Control (22%) SU+METF  RSG+SU+METF
Baseline

Age 56.76 (9.96) 57.16 (9.04)
Black 24.18% 20.79%
Hispanic 13.02% 10.41%
Baseline HbALc 8.80 (1.20) 9.11 (1.52)
Duration of diabetes > 10 years 12.79% 12.92%
Comorbidity Score 3.09 (1.74) 3.07 (1.33)
Endpoint Outcome

CVvD 3.02% 0.56%
Mortality 2.09% 2.81%
Better Control (78%) SU+METF  RSG+SU+METF
Baseline

Age 64.38 (9.62) 63.44 (9.35)
Black 13.17% 9.20%
Hispanic 8.89% 10.89%
Baseline HbALc 7.19 (0.73) 7.46 (0.83)
Duration of diabetes > 10 years 19.14% 21.93%
Comorbidity Score 4.05 (1.38) 4.02 (1.66)
Endpoint Outcome

CVvD 2.29% 1.84%
Mortality 2.58% 2.91%
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Table 3

GMM Analysis Results of the Application Example

Estimation Procedu 3-step Hybrid 3-Step Hybrid 3-Step
Reference Group RSG SU+MET -
Poor Control Stratum (22%) Estimate & 95% CI
Baseline HbAlc 8.55(8.42,8.68)  8.41(8.33,8.49) 8.45 (8.30,8.60)
Post-treatment HbAlc 8.60(8.41,8.78)  8.38(8.25,8.50) 8.49 (8.27,8.71)
RSG Effect on HbAlc 0.36 (0.00,0.72)  0.23 (-0.08,0.54) -0.07 (-0.36,0.22)

RSG Effect on CVD (Odds Ratio)
RSG Effect on Death (Odds Ratio)

0.28 (0.09,0.83)
0.66 (0.28,1.51)

0.35 (0.15,0.83)
0.70 (0.36,1.37)

0.37 (0.16,0.85)
0.84 (0.44,1.61)

Better Control Stratum (78%o)
Baseline HbAlc
Post-treatment HbAlc
RSG Effect on HbAlc
RSG Effect on CVD (Odds Ratio)
RSG Effect on Death (Odds Ratio)

7.23(7.20,7.25)
7.00 (6.96,7.03)
0.09 (0.01,0.16)
0.76 (0.55,1.06)
1.18 (0.88,1.57)

Estimate & 95% CI

7.17 (7.14,7.19)
6.95 (6.92,6.98)
0.09 (0.01,0.17)
0.77 (0.55,1.08)
1.19 (0.88,1.60)

7.18 (7.14,7.22)
6.96 (6.92,7.01)
0.07 (-0.01,0.15)
0.77 (0.55,1.07)
1.15 (0.86,1.56)
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Table 4
GMM Parameters for Simulated Data
Scenario | 11 i v
Assumption violation - (A4) (A3) & (A5) (A3)-(A5)

B1o 0.15 0.15 0.15 0.15

. -0.15 -0.15 -0.15 -0.15
B1
ap 0.00 0.30 0.00 0.30
B2o 0.40 0.40 0.40 0.40

. -0.20 -0.20 -0.20 -0.20
B3
ay 0.00 0.80 0.00 0.80
. N(7,.225) N(7,.225) 0.8*N(7,.225) 0.8* N(7, .225)
1.,11

0.2*N(6,.225) 0.2 * N(6, .225)

R N(7,.225) N(7,.225) N(7, .225) N(7, .225)
1.,12
R N(.1,.01)  N(.1,.01) N(.1,.01) N(.1, .01)
1.,21
» N(O, .01) N(0, .01) N(0, .01) N(0, .01)
1.,22
R N8, .225) N(8,.225) N(8, .225) N(8, .225)
2.,11
R N8, .225) N(8,.225) N(8, .225) N(8, .225)
2.,12
» N(.2,.01) N(.2,.01) N(.2,.01) N(.2,.01)
2.,21
5 ” N(0, .01) N(0, .01) N(0, .01) N(0, .01)
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Table 5

Simulation Results: Biases and Coverage of Model Estimates

Scenario I 1 i \Y%
Assumption Violation - (A4) (A3) & (A5) (A3)-(Ab)
Ax=A2x=0.5
Biz(se.) 0.009 (0.049) 0.004 (0.063)  —0.012 (0.029)  0.008(0.027)
coverage 0.888 0.826 0.914 0.888
Boz (s.€.) -0.014 (0.072) -0.014 (0.073) —0.040 (0.034) -0.025 (0.038)
coverage 0.794 0.726 0.714 0.728
. 0.016 -0.014 -0.222 -0.233
E ( 1.,11 )
-0.007 0.006 0.077 0.080
z
E (Al.,21)
. 0.003 -0.002 -0.074 -0.075
E ( 1.,22)
. 0.006 -0.008 -0.066 -0.071
E ( 2,11 )
-0.005 0.006 0.008 0.011
z
E (A2.,21)
. 0.005 -0.006 0.006 0.007
E ( 2. ,22)
A1x=0.52x=1
B1z 0.005 (0.052) 0.012 (0.055)  —0.005 (0.028) —0.006 (0.047)
coverage 0.926 0.886 0.714 0.774
Boz -0.030 (0.071) -0.028 (0.079) —0.043(0.037) —0.008 (0.057)
coverage 0.764 0.768 0.728 0.638
0.007 -0.004 -0.210 -0.220
E(A] 1)
-0.002 0.001 0.070 0.074
4
E (Al.,Ql)
. -0.001 0.002 -0.071 -0.072
E ( 1.,22)
. -0.002 0.0004 -0.054 -0.061
E ( 2,11 )
0.002 -0.002 0.002 0.004
z
E (Az.,Ql)
. -0.001 0.001 0.010 0.010
E ( 2. ,22)
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