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Abstract
ADJUSTING FOR TIME VARYING CONFOUNDING IN
ADAPTIVE INTERDISCIPLINARY PAIN MANAGEMENT PROGRAM
Nilabh Ohol

The University of Texas at Arlington, 2017

Supervising Professor : Victoria C. P. Chen

Interdisciplinary pain management combines multiple disciplines of professionals to understand the biological and
psychosocial factors causing a patient's pain and to determine the best treatments among many to administer. The
Eugene McDermott Center of Pain at University of Texas at Southwestern Medical Center in Dallas runs a two stage
adaptive interdisciplinary pain management program with the aim to improve current and future pain outcomes. The
sequential treatment regime for the pain and the observational nature of data yield to time varying confounding and a
form of endogeneity. This yields biased estimates of the treatment effects which is undesirable. Our adaptive interdis-
ciplinary pain management framework employs state transition and outcome models estimated from actual patient data
in the program. This research develops a framework based on the inverse probability of treatment weighting technique
to address endogeneity while estimating state transition and outcome models. The parameter estimates obtained from

these models are unbiased and can be interpreted as causal effects of the treatments.
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Chapter 1

Introduction

In 1931 French medical missionary Dr. Albert Schweitzer wrote “Pain is a more terrible lord of mankind than
even death itself.” Today, pain has become a universal disorder affecting not only individuals, but also an individual's
family, friends and health providers, who provide support to deal with the physical and emotional consequences of
pain (MedicineNet 1996). Just about everyone feels pain from time to time. When you cut your finger or pull a
muscle, pain is your body's way of indicating that something is wrong. An injury causes acute pain because when
the injury heals, you stop hurting. However, chronic pain is different, it stays with your body long after the injury.
Doctors often define chronic pain as pain which lasts for 3 to 6 months or longer WebMD (2005). While acute pain is
a normal sensation triggered in the nervous system to alert an individual to possible injury and the need to take care,
chronic pain persists. Pain signals keep firing in the nervous system for weeks, months, even years. Common chronic
pain complaints include headache, low back pain, cancer pain, arthritis pain, neurogenic pain which is pain resulting
from damage to the peripheral nerves or to the central nervous system itself of Pain Medicine (2017). Advanced
neuroimaging has shown that chronic pain, unlike acute pain, can cause structural changes in the brain that add to the
risk of cognitive problems, as well as anxiety and depression SPINE-health (1999).

According to American Academy of Pain Medicine, more than 1.5 billion people in the world are affected by
chronic pain. In the United States alone, about 100 million Americans are affected. Many chronic pain conditions
affect older adults, among which two thirds are suffering from back pain Igbal (2017). Approximately 3—4.5% of
the global population suffers from neuropathic pain, with incidence rate increasing with age of Pain Medicine (2017).
To understand the economic aspect of pain as a public health problem, the Institute of Medicine Report, Relieving

Pain in America: a Blueprint of Transforming Prevention, Care, Education and Research, estimated costs of $560-



$635 billion annually. This is equivalent to $2000 for everyone living in the U.S. This includes the total incremental
cost of health care due to pain, ranging from $261 to $300 billion, and $297-$336 billion due to lost productivity
of Pain Medicine (2017). Chronic pain has adverse effects on the lifestyle of an individual. Apart from tremendous
health care costs, rehabilitation, and loss of productivity, it creates emotional and financial burden on patients and
their families. Hence, developing better pain treatments is the primary goal of all pain research being conducted by
institutes.

The goal of pain management is to improve function, enabling individuals to participate in day-to-day activities.
However, it is important to recognize that chronic pain usually cannot be cured, but it can be managed. Thus there has
been a lot of emphasis on pain management techniques to enable patients to cope with chronic pain problems. The
most common treatments for pain include analgesic pain relievers (aspirin, acetaminophen, and ibuprofen), acupunc-
ture, anticonvulsants, antidepressants, migraine headache medicines, biofeedback, capsaicin, chiropractic, cognitive
and behavioral therapy, counseling, COX-2 inhibitors, electrical stimulation, exercise, hypnosis, lasers, magnets, nerve
blocks, opioids, physical therapy and rehabilitation, R.I.C.E. — Rest, Ice, Compression, and Elevation, and surgery
MedicineNet (1996). Patients feel and express pain differently. A patient's chronic pain experience depends on a lot
of factors, which motivates the need to construct individually tailored programs. Recent studies have resulted in the
evolution of treating chronic pain with not only analgesic medications but also using cognitive behavioral techniques
to help patients cope with pain. To further help mitigate the pain,the treatment regime is monitored in stages to help
the team of physicians track the pain status of a patient and enable potential modification in the treatment regime. The
idea here is to dynamically assess the effects of treatment. In particular, this dissertation research is based on the two-
stage adaptive interdisciplinary pain management program at the Eugene McDermott Center for Pain Management at
the University of Texas Southwestern Medical Center at Dallas, (https://utswmed.org/conditions-treatments/pain-
management/) which offers both interventional and non-interventional treatments. Interdisciplinary pain
management involves treatment by a team of physicians, behavioral medicine specialists, physical thera-
pists, nurses and care coordinators. This team works together to provide a variety of treatment plans and
strategies to manage pain and improve quality of life (Center 2017). Moreover, in such scenarios pain is
difficult to measure since different patients respond differently to pain. Therefore multiple pain outcomes

are used to accurately measure a patient's pain. A detailed description of the pain management program



is given in detail in chapter 3. The pain management program uses an interdisciplinary treatment strategy
to reduce the effect of chronic pain. This treatment strategy is monitored over two stages and is tailored to
adapt to individuals in the program.

Given complex treatment environments like the Eugene McDermott Center for Pain Management at the
University of Texas Southwestern Medical Center at Dallas, it has become increasingly important for physi-
cians to develop personalized treatment plans for individual patients. Thus an adaptive treatment decision
model would help assist physicians to carve out a treatment regime. Adaptive treatment strategies are a set
of decision rules which can be adjusted depending on a patient's state (Murphy 2003). In such an adaptive
treatment scenario the patient variables in one stage are influenced by the treatments prescribed in an ear-
lier stage, which in turn influence the treatments that would be prescribed for the next stage. Such type of
causal patternbetween patient variable across different stages results in biased estimation of the true effect
of the treatments. Thus, it is difficult to clearly identify the causal effect of an individual treatment in allevi-
ating pain, which is the key research question in epidemiology studies. This complication in the healthcare
environment is referred to as endogeneity or time varying confounding. Previous work addressing en-
dogeneity considers a single binary treatment and a binary outcome variable (Imai and Ratkovic (2013),
Vansteelandt and Daniel (2014), Daniel et al. (2013)), thus, estimating treatment effects in such cases is
straightforward using adjustments to logistic regression methods. However, the pain management problem
contains a mix of several binary, categorical and continuous variables. The treatment variables are binary
or ordinal, and the multiple outcome variables are continuous. The patient variables causing confounding
are a mix of binary, categorical and continuous variables. Thus, under a multiple treatment environment and
considering the fact that the not many patients are registered in the program makes statistical interpretation
more challenging. In this dissertation, a general procedure is proposed to handle the complexity of this
problem. Previous work on addressing the pain management case study at Eugene McDermott Center for
Pain Management at the University of Texas Southwestern Medical Center at Dallas has been conducted
by Lin et al. (2013),Wang (2015),Igbal (2017). LeBoulluec (LeBoulluec et al. 2013), (LeBoulluec et al. 2018)
developed an inverse probability treatment weighted method to address endogeneity. This work specifically

addresses multiple treatment variables that are uncorrelated.



This dissertation develops a general framework to adjust for time varying confounding in studies with
multiple treatments, while specifically seeking to address the McDermott Center pain management case
study. To develop the framework, we look into various simulation studies to gain inference on the differ-
ent conditions under which a modification to an existing framework developed using inverse probability of
treatment weighting (IPTW) is required. Results from the simulation study are used to further develop the
framework to address implementation of an IPTW framework the McDermott Center case study. The rest of
this thesis is structured as follows. Chapter 2 discusses a paper on simulation study to handle time varying
confounding with multiple treatments. It briefly describes the theory and motivation behind developing an
IPTW framework with multiple treatments. The case studies begin with by covering an example with inde-
pendent treatments and then generalizes to discussing the framework with correlated treatments. Chapter
3 presents a paper that develops and implements an IPTW framework for the McDermott Center case
study. It focuses on discussing algorithms to estimate the joint probability of treatments and the generation
of weights. Chapter 4 concludes the PhD dissertation by discussing conclusions from the two papers and

stating future work.
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Chapter 2

A Study on Time-varying Confounding with Multiple Treatments

Abstract

Time varying confounding plays a critical role in longitudinal studies, for which data are collected over a
period of time. In medical research, estimating an effect of a treatment on an outcome of interest is biased
due to presence of time varying confounders. This bias results in inconsistent estimates of treatment effects.
Further, in adaptive treatment strategies, not only is an unbiased estimate of the treatment effect desired,
but also the outcome of interest is dependent on interactions between the treatment and covariates. Most
of the literature on handling time varying confounding demonstrates methods, such as inverse probability
of treatment weighting and g-computation, to obtain consistent estimates for a single treatment. This paper
extends these methods to multiple treatments and, using a simulation study, highlights the challenges faced
in estimating these treatment effects. This paper concludes with suggestions a researcher might consider

while implementing these techniques to answer study specific questions.



2.1 Introduction

2.1.1 Motivation

Longitudinal studies, for which data are collected over time, are common in medical research. These
studies are usually observational, meaning that the treatments are not controlled during the study. This
is different from randomized controlled studies, in which treatments are specifically manipulated according
to an experimental design. Controlled clinical trials are known to be expensive to conduct, highlighting to
need to make use of observational studies. An important research question in epidemiology is to estimate
a causal effect of treatment on the outcome of interest. While controlled studies are designed to answer
this question, longitudinal studies, by contrast, are subject to time varying confounding when a treatment
administered changes over time and is affected by other time varying covariates. For example Daniel et al.
(2013) explains time varying confounding in a study involving type |l diabetic patients recruited to compare
two antiglyceamic drugs affecting the risk of a cardiac event in a period of 18 months. Covariates such
as HbA,., blood pressure, body mass index, cholesterol level etc. are measured. Daniel explains that an
increase in drug dosage or switching to a new drug may be warranted due to high HbA,., but a high value
may also indicate a higher risk of cardiac arrest. Thus HbA;. is a confounder and since it changes over
time and cannot be forecasted at baseline, it is a time varying confounder. In another example, Robins
et al. (2000) highlights time varying confounding in a study of the effect of zidovudine (AZT) treatment on
mortality in HIV - infected patients. The time dependent covariate in the study, CD4 lymphocyte count is
both an independent predictor of survival and initiation of therapy with AZT and is itself influenced by prior
AZT treatment. In the above examples, standard methods such as regression and propensity score fails
to estimate unbiased effect of the treatment. Robins and Daniels show the use of inverse probability of
treatment weights (IPTW) provide an effective way to address this time varying confounding issue. Other
methods such g-computation and g-estimation using structural nested models (SNMs) are also effective in
addressing this issue in small dimensional problems and when model is correctly specified. We discuss
more on them in the next section.

However both these studies aim at estimating causal effect of a single treatment on an outcome realized



at the end of the study. In some medical research multiple treatment options are available to the physician in
every stage of the study. These treatments form a complex relation with each other and with their treatment
history while being affected by fixed and time varying covariates. The available literature on IPTW and
g-computation does not demonstrate its application under such scenarios. Moreover, the treatments and
covariates may be a mixture of types, such as binary, categorical and continuous variables. This motivates
us to developing a framework to study methods for time varying confounding with multiple treatments in an
adaptive treatment setting.

The remainder of the paper sequentially builds up a foundation to handle the aforementioned problem.
Section 2 highlights the existing literature, discusses key concepts relating to time varying confounding, and
defines our notation. Robins (1986) was the first to suggest g-computation for estimating the causal effect
of a treatment. The paper also discusses two more techniques, inverse probability of treatment weighting
using marginal structural models and g-estimation using structural nested models. Albeit this paper focuses
on inverse probability of treatment weighting, section two discusses g-computation and g-estimation. We
end section two enlisting contributions of this paper.

In sections 3 we explain time varying confounding using mathematical models. Section 4 discusses
inverse probability of treatment weighting using different case studies. Section 3 also describes the factor-
ization approach of LeBoulluec et al. (2013) to handle correlated treatments, and this method is used to
illustrate our framework. The case study beings with an assumption of independence among the different
treatments available in a study. We then increase the complexity of the problem by introducing correlations,
increasing the size of the model, adaptive treatment strategy constraint and so on. Case study ends with a
comparison of results with some of the existing methods.

The aim of the paper is to introduce a framework to handle time varying confounding using inverse
probability of treatment weights for multiple treatments. To show this framework is flexible and can be
modified depending on the description of problem and what research question one wishes to answer, the
paper highlights different formulations of the IPTW frameworks and applies them on various case studies.
Sections 5 and 6 summarizes the results of the case study and draw conclusions to give more insight to

study longitudinal data in medical research.



2.2 Background and Literature

2.2.1 Definitions and Notation

This section defines notation that is used throughout the paper. Consider a multi-stage study involving
n patients, and let i = 1,...,n denote i*" patient in the study. Let, T = {T1, ..., T:} represent a set of
treatments available to a physician to administer in each stage. T}, be the t*" treatment administered in
stage k to patient i, where k = 0,..., K. Thus, Ty is the vector of t!* treatment administered in stage
k. In observational study, unlike controlled clinical trials where treatments are randomized across patient
characteristics, the effects of covariates could be significant. Let X = {X1, ..., X,,,} be the set of covariates
in the study. These covariates can be either time fixed (e.g. age, gender) or time Varying (e.g. number of
patient visits, blood glucose level etc.). Time fixed covariates are measured at baseline, stage 0, and remain
fixed throughout the study. Time dependent covariates may or may not change in subsequent stages.

Let Y, be the outcome measure for it" patient in stage k, therefore, Y\ represents vector of patient
outcomes in stage k. It is also possible that there are multiple outcome variables of interest (Wang (2015),
Igbal (2017), Rawat and Manry (2017)), however in this paper, we assume a single outcome variable is
considered per patient. The outcome Y;;, could be continuous, categorical or binary and is either measured
at the end of every stage or only at the end of the study. In cases where the outcome is measured at the
end of every stage, a pre-evaluation outcome in stage 0 is also defined, where Y represents the vector of
patient pre-evaluation outcomes measured, and v = {Yo, Y1, ..., Yk } is then the outcome history.

Similarly, ¢;19 is the value for treatment 1 administered to patient i in stage 0, which be continuous (e.g.,
drug dosage in ml), categorical (e.g., specific type of a drug group) or binary (e.g., yes or no). This initial
value could either be randomly assigned in cases where a simulation study is designed or, in some longi-
tudinal studies, could be attained based on a patient's physical characteristics. Let 7. = {To, T4, ..., Tk}
the vector of treatment ¢’s history assigned in every stage. Thus, 7y;_1 represents the treatment history at
the end of stage k£ — 1 for treatment ¢. A similar notation is used for covariates, with the covariate history
for time fixed covariates taking on same value in all the stages. Let z;1¢ represent covariate 1 in stage 0 for

patient i. Like treatments, covariates could be take binary, continuous or categorical.



In the paper, we use causal diagrams to graphically represent the potential causal effects between
variables. A treatment T, is said to have a causal effect on an outcome in any stage k, if there exists
at least one patient 7 in the population and at least two distinct treatment values 7! and 77, such that
Yi(T}) # Yi(T?). Alternatively, in any stage k, if the outcome variable is not affected by any value of
treatment T; then there exists no causal effect of treatment 7; on outcome Y. (Daniel et al. 2013) and
(Robins et al. 2000) elaborate more on causal effects and explain direct and total causal effect of a single
treatment in structural nested models. In the case of multiple treatments, the definition of causal effects can
be modified depending on the between treatment relationships. When the treatments in 7" are independent
of each other, every treatment in the set will have a causal effect on the outcome Y if there exists, for
that treatment T, at least one patient in the population and at least two distinct treatment values that have
different effects on the outcome, Y;(T}!) # Y;(T7). If all or some of the treatments in the set T are correlated
to each other, then there is a causal effect of that set of correlated treatments, 7., on the outcome Y. If there
exist at least one patient i in the population and at least two distinct set of treatment values, Tcl and Tf such
that Y;(T!) # Y;(T2). When all the treatments in the study are correlated to each other, then T = T.. In
terms of multiple treatments, we define the cumulative effect of treatments on the outcome as the joint effect
and their individual effects as marginal effects. This is especially helpful when researchers are interested
in estimating treatment effects on outcomes realized in each stage of a multi-stage study. For example,
consider two treatments in a study, T = T, = {1}, T,} such that T, = {0,1} and T, = {0, 1,2}, that are
correlated. If there is a patient i in the population where, hypothetically, two distinct treatment combinations
T} = {1}, 72} = {1,1} and T? = {T},T3} = {0,2} have different outcomes, i.e., Y;({1,1}) # Y;({0,2}),
then the treatments have a joint causal effect on the outcome. Here, 7! and T2 are joint effects of the
treatments on an outcome in a particular stage. The relation between joint and marginal effects under
independence and correlation scenarios is examined using our simulation study framework in sections 3
and 4.

Figure 2.1 shows a two-stage causal diagram under static and dynamic regimes. A static regime is when
the treatment administered is not dependent on covariates or outcomes. Dynamic regime are those where

treatments that potentially depend on covariates and outcomes occurring over time. For example, treating a

10



patient until there are signs on the patient becoming anemic and then stopping treatment can be considered
as dynamic regime. Robins and Hernan have pioneered the work on dynamic treatment regime and their
work along with their collaborators (Robins et al. (2008), Robins (2004), Hernan et al. (2006), Orellana
et al. (2010)) The casual diagrams for both static and dynamic treatments consist of nodes representing the
variables in the study and arrows representing the potential causal effect of a parent variable on a child in
the direction of the arrow.

The casual diagrams also show the joint effects of the treatments on the outcome. We explore their
marginal effects in detail later. For static regimes, it can be seen in Figure 2.1 a, that the set of covariates,
X does not affect the treatments administered in stages 1 and 2; however, they do have an effect on the
outcome. The outcome variable is only measured at the end of the study, i.e., at the end of stage 2. The
joint effects of the treatments in every stage affects the outcome Y, and is affected by the joint effects of
treatments in the previous stage. Figure 2.1 b represents a two-stage dynamic regime where the covariates
confound the effects of treatments on the outcome. Moreover, the outcomes are measured at the end of
every stage. For instance, the baseline treatments T, (parent), measured at the beginning of the study or
in stage 0, affect and outcome Y} (child) measured in that stage and the outcome Y; at the end of stage
1. The outcome Y, also affects the treatment 7, administered in stage 1. Yj in this case is an intermediate
variable since it functions as both an outcome and as a time-varying confounder. The time-fixed covariate X
also affects the treatments and outcome in every stage. Thus, causal diagrams help illustrate such complex
relationship of an observational study.

Uy is defined as unmeasured confounder (Hernan et al. 2004). In an observational study, it could happen
that certain factors affecting the treatments and outcome are not included or might be unknown. The effects
due to these factors may skew the estimated effects away from the true effects. These factors are known
as unmeasured confounders. One of the key assumptions in observational studies is the presence of no
unmeasured confounders. The no unmeasured confounding or conditional exchangeability assumption was
first stated by Rubin (1978) for the single time-point setting and then extended by Robins (1986) under time
varying confounding. It states that conditional on treatment and covariate history, the treatment received in

the current stage is independent of outcome effect. That is, if the treated and untreated patients for a binary
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treatment where exchanged, the distribution of the outcome Y will be unaffected since it does not depend
on any unmeasured factors. Besides unmeasured confounding, other assumptions are also considered,
but not explicitly mentioned while conducting the analysis. For example, while selecting the sample size
for the study, it is assumed that the n patients have been selected randomly and independently from an
infinite population of N individuals. Also in order to well define the potential outcome Y;” which follows
a certain treatment trajectory 7, no inference assumption is made. According to this assumption, setting
the treatment trajectory of a different patient " does not affect potential outcome for patient : Daniel et al.
(2013). Finally, we define a consistency assumption which states that the actual outcome is equal to the
potential outcome under the treatment administered Rubin (2009). This helps us make sensible inferences
about the estimated outcome from the observational data. These definitions and assumptions form the

backbone of the analysis under time varying confounding.

a. Static Regime b. Dynamic Regime

Figure 2.1: Causal Diagrams in Static Regime and Dynamic Regime

2.2.2 Time-varying Confounding

Robins, Hernan and others (Robins et al. (2008), Hernan et al. (2006), Hernan et al. (2001), Robins (1999))
in their work define the notion of time varying confounding using mathematical models and causal diagrams.
Robins (1999) explains in detail the concept of statistical exogeneity and introduces IPTW to estimate unbi-
ased treatment effects and applies the method to a study of zidovudine (AZT) treatment on mortality HIV -
infected patients. Rubin (1978) addresses confounding effects of covariates in an experimental study using

the predictive distribution of values under different assignments of treatments. Rubin however estimates
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these causal effects under a single time-point setting. Confounding under a single time-point, or in cases
where the time factor is controlled, is called time fixed confounding (Greenland 1996). However, the litera-
ture explains these concepts using a single treatment and covariate and the outcome variable is measured
only at the end of the study. In the case of multiple treatments, the inter-relationship between the treatments
in a given stage causes additional confounding that needs to be addressed. Consider a study to measure
the depression index in patients suffering from chronic pain. In pre-evaluation stage, i.e. stage k¥ = 0,the
variables measured at baseline are covariates, X (e.g. age, marital status), treatments T, (NSAIDs, psy-
chotherapy) and outcome Y, (depression index). Hypothetically, there could be a case where older patients
who are either single or divorced and suffering from high level of pain are more likely to be given pain med-
ication, such as NSAID. However, if NSAIDs are strongly and positively correlated with psychotherapy, then
these patients are more likely to be sassigned sessions of psychotherapy. Also, if these patients have also
recorded a higher rate of depression and are currently under pain relieving medications, such as NSAID,
then there is no causal effect of treatment on outcome. In such a case of time fixed confounding, intuitively
it could be perceived that the psychotherapy and NSAIDs have a negative effect on the treatment. However
in case of a correctly specified regression model, such as a multinomial logistic model for the depression
index as outcome Y, estimating the conditional causal effect of T, on Y would show no association. This is

an example of time fixed confounding when treatments are correlated and can be shown using the causal

Figure 2.2: Causal diagram for time-fixed confounding

diagram in Figure 2.2.

Time varying confounding is illustrated in Figure 2.3. Building on the above example, now consider stage
k > 0. The treatments in stage & are causally influenced by the treatments in the previous stage k£ — 1 and

the covariates X. The outcome variable Y;, e.g., depression index, is measured only at the end of the study.
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In a naive analysis without adjusting for X, the effect of treatment histories 7 on Y}, is confounded. It should
be noted that in the causal diagram we could have shown arrows from T},_, to T},. These are omitted to
make the diagram readable. However the missing arrows from Tj._, to X represent no confounding effect of
treatment in stage k£ — 1 on covariates. By specifying an appropriate regression model with Y}, as outcome

and adjusting for X, consistent estimates of T}, can be estimated (Daniel et al. 2013).

Figure 2.3: Causal diagram for time-dependent confounding

In Figure 2.3, the outcome variable was measured at the end of stage k. However, in some studies,
the outcome is measured at the end of every stage. The causal diagram in Figure 2.1 b illustrates this
case. Thus, the outcome variable, excluding the one measured at the end of stage k, can be considered as
both confounder and outcome. For example, the outcome variable in stage 1 in Figure 2.1b is an outcome
variable when estimating the causal effects of treatments 7;, and 7} on Y;. By constrast, an intermediate
outcome is a time varying covariate when estimating treatment effects 7 on Y>. The arrows from T to Y;
shows that it is affected by the past treatment. It must be noted that other time varying confounders may also
be present in a study where they are not intermediate variables and serve as only confounders. Adjustment
methods for controlling as described above may not work in this case. Controlling for the confounder Y;

may induce serious bias since it lies in the causal pathway between treatment 7j,_, and outcome Y.
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2.2.3 Handling time-varying confounding

A common approach to handle confounding while estimating treatment effects in the time fixed setting in
Figure 2.3 is standardization (Vansteelandt and Daniel 2014). Adjusting for the covariates confounding the
treatment effects on an outcome using standard approaches in a time varying setting can induce bias. This
section describes generalized techniques used when treatments and covariates vary with time (Imai and
Ratkovic 2013). G-estimation of structural nested models was first introduced by Robins (Robins (1992),
Robins (1993), Rob (1994)) and is closely related to the g-test of the causal null hypothesis, which states
that there is no causal effect of treatment in, say, two stages Ty and 73 on an outcome under the assumption

of no unmeasured confounding.

To{y (to-t)}

and

T {Y o) Ty, X,

This null hypothesis is tested by postulating models for Ti and T3 |7}, X . G-estimation is the inversion of
the g-test Casella and Berger (2002), which searches for a causal effect for the set of potential outcomes,
assumed to be conditionally independent of the time varying treatment, given their histories and covariates.
These causal effects are characterized with a set of finite parameters using a class of models known as
structural nested models, SNMs. SNMs consists of a set of sub-models, one for each stage k and each
kth sub-model compares the potential outcomes (Daniel et al. 2013). Rob (1994) proposed SNMs for

continuous outcomes, as follows,
E{Yao’al"”’a’“_l’a’“’o""’0|Tk—1,i = fk—l,Xt,z' =T}
= B{y oot o100 0\ = Xy = T )+ e (Fr, Ths P,
where ¥y (i, Tr; ¢k ) is the kth blip function (Daniel et al. 2013). Moodie et al. (2009) developed a
decision framework using g-estimation for a breast feeding study to measure the effect of breastfeeding

patterns in on infant growth. A 12-month period was considered with treatment being to either continue or

stop breast feeding. The outcome variable was the height of an infant at the end of study. G-estimation
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produces more efficient treatment estimates than other methods, such as inverse probability weighting
(IPTW) because it allows incorporation of interactions between treatment and time varying covariates. It is
also considered as a good compromise with regards to bias-variance trade off. However, g-estimation is
not currently implementable using standard software in all settings. Albeit some software, like STATA and
SAS, do have useful macros, they fail to address the whole range of SNMs. If the data are binary, there
are no SNMs with estimable parameters to ensure that the probabilities lie between 0 and 1. G-estimation
techniques are also computationally intensive, especially in case of multiple treatments, and numerous
restrictions must be imposed on SNMs, increasing the possibility of model misspecification.

Another class of structural models is called marginal structural models (MSMs). These are used for
parsimonious characterizations of causal effects. When the number of stages and/or treatments increases,
the high dimensional nature of characterizations may cause difficulties in both estimation and interpretation.
One reason could be because of shortage of patients following a particular treatment trajectory and too

many comparisons of potential outcomes (Daniel et al. 2013). The equation below is an example of MSM,

K
By = (9+<Ztk),
k=0
where ¢(-) is a link function, e.g. log, logit or identity. o, ¢ are the parameters of MSM and can be estimated
using two techniques, g-computation and inverse probability of treatment weighting, while adjusting for time
varying confounding.

G-computation was first introduced by Robins (1986) as an appropriate generalization of standardiza-
tion, where treatments and covariates vary with time. A formal description of the g-computation formula
is given by Robins (1986) and Daniel et al. (2013) to estimate the expected value of outcome based on
the treatment history. Daniel et al. (2013) developed a g-computation formula function in Stata to estimate
causal effects in the presence of time varying confounding or mediation using g-computation. The function
is applied in a couple of simulation studies involving a single treatment. Robins in his work also defines
the g-computation formulation for single treatment over multiple stages. We developed a modification to the
g-computation formula to incorporate multiple treatments. The parametric and nonparametric versions are

shown in the equations below.
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The nonparametric form is

E{yTT)} =3 {E(Y|T1 =t, T =1, X =1)

K
I PXk = el Tino1 = Fap—1, Ton1 = Top—1, Xio1 = Xk—l)}~

The parametric form is

. jey = _
E{Y( 1 2)} [ CEBEY|T =t,T =12, X =2, Ye1 = Y1)
zeX
K ~ ~ K el
fyk71|1:"=f:,}7k,2=yk 27?( k—1, Yk727 T, X)dg H f~k(Xk)d.’f7

calculate the expected outcome
leH \:F:E,Yk,zzgk,g,i(yk*h Yi_oa, 7:“, X), e.g., if the outcome is continuous, a joint probability density function
(p.d.f.) can be obtained by fitting a linear model to obtain expected outcome conditioned on the outcome in
previous stage, treatment history and covariates

Iz, (X:) e.g. - if the covariate is binary or categorical, predicted probabilities are obtained, else for contin-
uous covariates p.d.f is calculated.

As can be seen from above equation, the g-computation formula fails to address any correlations that
may exist among the treatments. However, these models can be used to estimate treatment effects on
the outcome, under the assumption of independence among the treatments. Another drawback of using g-
computation is model misspecification. G-computation is sensitive to model specifications and an incorrectly
specified model, for example, missing interaction terms or high order polynomials, will result in biased
estimates. Finally, the g-computation formula is computationally intensive and when considering continuous
or categorical treatments and even binary treatments with many stages, interpretability becomes difficult
because there are too many hypothetical interventions to compare.

IPTW has gained popularity in estimating causal effects of treatments in observational studies. IPTW
is a probabilistic weighting technique which re-weights the subjects in the analysis mimicking a random
assignment of treatments. Equation below defines IPTW for patient i. A stabilized version of IPTW is also

used in cases where low variation in the weights is desired or when one wishes to study the effect of the

weights without adjusting for some covariates.
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Unstablized weights:

1
Ww; —.

I P(Ty|Ti—1, X)

Stabilized weights:

_ [Ty P(Tk| 1)

15, P(Ti|Ty—1, X)

IPTW was first used by Robins (1999) to study the effect of zidovudine (AZT) treatment on mortality
rates in HIV - infected patients with lymphocyte count as a confounder. Apart from epidemiology studies,
Theommes and Ong (2016) applied IPTW to a single binary treatment to study the effects of developmental
tasks on emerging adulthood. Previous work on IPTW (Robins et al. (2000),Hernan et al. (2001),Joffe et al.
(2004),Bodnar et al. (2004),Fewell et al. (2004),Cole and Hernn (2008),Garcia-Aymerich et al. (2008),Rubin
(2009)) also assumes a single treatment in a multi-stage setting. LeBoulluec et al. (2018) was the first to
implement IPTW for multiple treatments, specifically applying this approach to an adaptive two-stage pain
management program. However, this work assumes that the treatments are independent. The current pa-
per develops a framework of simulated case studies to enable a comprehensive study of IPTW for multiple
treatments, under the conditions of both independence and correlations. We choose the IPTW framework
due to its robustness to model misspecification, versatility in handling binary mix of variable types, computa-
tional feasibility, and its ability to adapt to modifications of MSMs. Although it has been observed that there
can be inefficiency under extreme weights, we provide recommendations for overcoming these drawbacks

to IPTW.

2.2.4 Contribution

The major contributions of this research are described as follows:

 This paper generalizes the IPTW method to multiple treatments in multiple stages, when the treatment

outcomes are realized at the end of each stage.

» The generalized IPTW process is incorporated within a time varying confounding framework to allow

a simulation study of different cases.
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» The developed framework is the first to study the correlated treatments case. A step by step approach
is provided . Simulation studies under such scenarios are presented and conclusions are drawn from

them to help researchers pick the right steps while implementing the framework

2.3 Inverse Probability of Treatment Weighting for Multiple Treatments

2.3.1 Independent Treatments

Consider a study involving two binary treatments represented by a causal diagram in Figure 2.4 below. The
treatments are administered in two stages, 1 and 2. It can be assumed that the initial treatment in stage
0 is either assigned randomly or suggests that the treatment had been prescribed in the past. In either
case, the treatment in stage 0 has no association to its assignment, with respect to the ongoing study.
The covariates, also known as patient state variables, are a mixture of categorical and binary variables
and measured at baseline, i.e., in stage 0. They are assumed to be time-fixed. The outcome variable, in
this study is continuous and is measured at the end of each stage. The outcome Y; is measured at the
beginning of the study for the physicians to have a reference value to assist in treatment. We also assume
no unmeasured confounders in the study. The covariates X are not dependent on the treatments. However,
they confound the treatment effects on the outcome in every stage. The outcome variable Y; measured at
the end of stage 1 is an intermediate variable that acts as an outcome, when estimating stage 1 treatment
effects, and acts as a time varying confounder affected by treatments from previous stages, when estimating
treatment effects in stage 2. Outcome variable Y5 occurs at the end of stage 2, and outcome variable Yj
is a time varying confounder throughout the study since we do not model to estimate treatment effects in
stage 0.

Suppose the two treatments are independent in each stage i.e. assignment of one treatment does not
influence the other. Also the joint effect of the treatments on outcome in any stage is the sum of individual

treatment effects. Thus, marginal structural model for the two independent treatments in stage 1 can be
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Figure 2.4: Causal Diagrams with Two Treatments

written as,

B{y (ho-tut20t20% —p 4 g0t + Yaotao + Y11t + Yaitar
+ Y101y t10t11 + Y201)t20t21
The above model is marginal, because it represents the marginal distribution of outcome (unconditional
on time varying confounders), and structural, because it is modeled for potential outcomes and not observed
outcomes. The parameters of the models can be estimated using the following set of equations.
Nint = E{Y(o,o,o,o)}
10 = E{y(170,070)} _ E{Y(o,o,o,o)}
00 = E{y(070,170)} _ E{Y(o,o,o,o)}
11 = E{y(071,070)} _ E{Y(o,op,o)}
91 = E{y(070,0’1)} _ E{Y(o,o,o,o)}
Yi(01) = E{y(1,1,0,0)} _ E{Y(Lo,o,o)} _ E{Y(o,l,o,o)} + E{Y(o,o,o,O)}
Yo(01) = E{y(o,o,m)} _ E{Y(O’O’l’o)} _ E{Y(o,o,o,m} + E{Y<o,o,o,0)}
Similarly, we can write MSMs for potential outcomes in stage 2. Generalizing the MSM equation for a

distribution of potential outcome associated with a treatment trajectory can be described as a function of

the trajectory and some parameters ~

E(Y") = n(Ty;7)
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However, it must be noted that these potential outcomes for all combinations of treatment trajectory are
possible in the case of a simulated example. However, in observational data these MSMs are different from

association models, such as in equation 2.1.

Only under the strong assumption of no (measured/unmeasured) confounding, do the parameters of MSM
and association models coincide.

The parameter estimates in the MSM are independent of the covariate and treatment history. We es-
timate these unconfounded parameters by analysis of the observational data after weighting each patient
by weights obtained by IPTW framework. The inverse probability of treatment weights for a patient with
independent treatments is given by,

1
¢ K = =
[l Ie=1 Sy % (Tiks Tin—1, X)

where k is the number of stages, ¢ number of treatments and ijklfjk_l’X(Tjk,Tjk_l,f() is the conditional

(2.2)

w; =

probability mass function for T;k given (Tj;_1, X) for patient i. The joint probability of independent treat-

ments can be decomposed into the product of the marginal probabilities as shown below,
P(Ty,...,T}|X) = P(T1|X)P(T3| X)....P(T}| X)

Thus the IPTW equation with the two treatments can be expanded as,

K
=TI 1 LI 2.3)
vy P(Tur = tag| Tig—1, X) P(Tor, = tox|Tog—1, X)
The marginal probabilities can be estimated from the data by fitting appropriate models such as logistic
model for binary treatment, multinomial for categorical and linear models for continuous treatments. Once
the observations are 'duplicated'using the weights obtained, the treatments in the reweighted sample are
independent of the treatment history and covariates. In terms of causal diagrams, the inward arrows into
treatments disappear leaving only the arrows going outwards from the treatments. Intuitively, it can be
thought of as the weights supplementing the observations, representing a pseudo-population in which the

treatments are unconfounded by the covariates. Under the assumption of no unmeasured confounding, the

parameter estimates obtained by the refitted weighted models are unbiased.
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2.3.2 Correlated Treatments

When treatments are correlated, the parameter estimation using MSMs remains similar to the independent
treatment case, where the confounding effects are addressed using the IPTW framework, and weighted
MSMs are refit. However, the estimation of treatment weights needs modification to incorporate the correla-
tion structure of the treatments. Consider two causal diagrams representing the same study as in previous
section with difference being the correlation among treatments in a given stage. Figure 2.5 (a) shows the
confounding factors affecting treatment 1. The dark arrows shows the confounding effects of treatment T3

on Ty in all stages. Similarly Figure 2.5 (b) shows the factors confounding treatment 2.

Figure 2.5: Causal Diagrams for Two Correlated Treatments over Two Stages

If one wishes to obtain parameter estimates of MSMs for potential outcomes similar to the indepen-
dent treatment case, the model can be written as follows with the parameter estimates obtained using the

subsequent set of equations.

B{y (ho-hustoota)} =, 4 0t + Yaotao + Yiitin + Yertar + 7Y1(o1)t10t11

+ Y2001 2021 + Y12(01)t10t21 + Y21(01) 2011 + Y12(11) 1121
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Parameter estimates,

YVint = E{Y(O’O’O’O)}

Y10 = E{Y(l,o,o,o)} - E{Y(o,o,o,o)}

Yoo = E{Y(o,o,l,o)} . E{Y(o,o,o,o)}

Yy = E{Y(o,l,o,o)} — B{y (0000}

Yop = E{Y(O,O,o,n} — B{y(0:000)}

To1) = E{Y(1,1,0,0)} _ E{Y(l,o,o,o)} _ E{Y(o,l,o,o)} +E{Y(o,o,o,o)}

72(01) _ E{y(O,O,l,l)} _ E{y(O,O,l,O)} _ E{y(O,O,O,l)} + E{y(O,O,O,O)}

,)/12(01) _ E{y(l,O,O,l)} _ E{y(l,O,O,O)} _ E{y(O,O,O,l)} + E{y(O,O,O,O)}

721(01) — E{Y(O’l’l’o)} _ E{y(O,l,O,O)} o E{y(O,O,l,O)} + E{Y(070’070)}

712(11) — E{y(O,l,O,l)} _ E{Y(0’1’070)} o E{Y(O’07O’1)} + E{Y(070’0’0)}
For modeling observed outcomes and referring back to the IPTW equation 2.2, the conditional joint proba-
bility distribution of treatments can no longer be expressed as the product of the probability distribution of
individual treatments conditioned on the treatments'past history and covariates. Since the treatments are
correlated, equation 2.3 is no longer true. In Figure 2.5 (a), we try to estimate the effect of treatment T}
on the outcome variable. The inward arrows represent the causal relationship between treatment 2 and 1.
Treatment 1 in any stage is not only affected by T2 in the same stage but also by its previous treatment
history. A similar inference about 75 can be made from Figure 2.5 (b). It must be noted here that apart from
correlation between treatments, these treatments also confound each other's effect on the outcome. For ex-
ample, T2 confounds the effect of treatment 77, on stage 1 outcome Y;. Thus while estimating the marginal
probability distribution of one treatment, the other treatment is conditioned along with the covariates. Using
the chain rule of probability the conditional joint probability of correlated treatments can be decomposed as

the product of their conditional marginal probabilities. Equation 2.4 below states the chain rule of probability

of T treatments conditioned on a set of covariates X.

P(T\, T3, Ts, ... Ty|X) = P(T1|X) - P(T3|T1, X) - ... - P(Ty|Ty—1, ..., T1, X) (2.4)
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Thus the IPTW framework for two correlated treatments for the case study at hand can be expanded as,

2
1
wi = H — = — =~
o P (T = tug|Tae—1, X)P(Tor = to|Tik, Top—1, X)
B 1
P(T11 = t11|X)P(To1 = tn|T11, X)
1

P(T1a = t1a|T11, X)P(Toz = to2|Ti2, To1 X)

The marginal probability of treatments can be estimated by fitting appropriate regression models such as
logistic, multinomial or linear regression models depending on the data type of the treatment. The weights
obtained are used to refit outcome models in a similar way as explained for independent case. A generalized
version of the IPTW formulation for multiple treatment (independent or correlated) is given in equation 2.2.

A potential drawback of using the chain rule is the estimated joint probability of correlated treatment is
sensitive to ordering. Consider a case with three correlated treatments, the number of ways of decomposing
the joint probability into its product of marginal probabilities is 3! = 9. Thus for T treatments, this number

increases to t!. A subset of sample decomposition of three correlated treatment is shown below.

P(Ty, Ty, T3|X) =P(Ty) P(Ty|Ty, X) P(Ts|T5, T1, X)
P(T5)P(T:|Ts, X) P(T5|Ty, Ts, X)

P(T3)P(T5|T3, X) P(T} | T», T3, X)

In theory these probability distributions should be equal but due to error in estimation using standard soft-
ware tools, these estimated probabilities are not same. Thus the estimated conditional joint probability of
distribution used in the framework is an averaged value over all possible ordering as shown in equation

below.

P(Ty,.. Ty|X) - - Py(T, ..., Tt|X)

P +..+Py
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Factorizations

Calculating average conditional joint probability requires estimating the product of their marginals over all
possible ordering. We define a factorizations to be the product of estimated conditional marginal proba-
bilities for one specific treatment ordering. Thus, a study with three correlated treatments has 9 possible
factorizations, while one with 10 treatments has 10! possible factorizations. The computational complex-
ity increases with the increase in the number of treatments and the factorization runs in time O(¢!). This
might be undesirable especially in cases where a treatment plan is required be evaluated in real time. The
computational complexity can be reduced by randomly sampling f factorizations from the set of T'!, where
f=1{p% T'} (LeBoulluec et al. 2013). To increase the robustness of the method, we create two groups G,
and G, and randomly sample f factorizations for each group. For every factorization under each group, the
joint probability distribution is estimated, and a performance metric, mean relative percent relative difference
(MPRD) shown in equation 2.5 is calculated. The hyper-parameters f and p are tuned by conducting a grid

search and using the performance metric as a selection criterion.

MPRD = mean( lvg(Pa, = avg(P)a,| )100. 2.5)

max(avg(P)g,,avg(P)a,)

The algorithm below explains the factorization approach:

—_

. Initialize p=0, fc1=1,fc2=1 and m=t!, where ¢ is the number of treatments

N

. Initialize matrix mean percent relative difference, MPRD = NULL

3. Obtain a matrix M of m permutations of all correlated treatments

N

. Sample(fg1 and fgo from M, repeat = FALSE)

(62

. foreach f={fq1, fao}:
(1) estimate w; Vi=1,...,n
(2) calculate percent relative difference, PRD;
(8) MPRDy = sum;(PRD)/n
(4) Update matrix MPRD
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6. update p = p + 0.05
7. update fgi=fg2=pm
8. repeat cto f; if(p=100 or MPRD;-MPRD;1/MPRD; < 0.1)

Apart from the factorization approach, other techniques can also be used to estimate the joint probability of

treatment. Some of them were mentioned earlier in section 3.

Stabilized Weights

Sometimes the estimated joint probabilities might have values close to zero or the estimated weights have
high error variance. This may happen when a rare observation is present in the study. Under such cases
the estimated weights can be very large and cause imprecision in the estimation of the parameters of MSM.
Robins et al. (2000) suggested obtaining a stable estimator by re-weighting the samples using a stabilized

version of IPTW. The stabilized IPTW for multiple treatments is shown in equation 2.6,

K T =
Sws — | Hj:l P(Tjk = tjn|Tjr-1)

= Ikl 2.6)
ITizo Hsz1 P(Tj, =tk Tjr—1, X)

The denominator of the stabilized IPTW equation is same as the unstabilized version. The numerator is
same as the denominator without adjusting for covariates. The stability and efficiency of the estimators
under stabilized weights might be affected if the models for T}.|T,_, are misspecified. However, the consis-
tency is unaffected. It was mentioned earlier that an advantage of using IPTW estimators is their ability to
be unaffected by minor model misspecification. This helps in obtaining fairly efficient parameter estimates
using stabilized weights. More often, a researcher may be interested in estimating MSMs as a function of
baseline covariates along with treatments. In such cases, the MSM defined in equation 2.1 is not applica-
ble. The stabilized IPTW equation can be adjusted for X, ¢ X in both numerator and denominator. Table
2.1 shows some examples of modifications of MSMs and their respective IPTW formulation to address time

varying confounding.
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Model Description Model Form Stabilized Weights
me in iven treat- -
Outcome in stage & given treat BT — BE.e o — 5 17, P(Tyn=tjs|Tjr—1)
.. (¥79) = h(t;;7) TR T, P(Tjk=tk| Tjk—1,X)
ments administered =0hh= ; T
Outcome in stage k given treat-
T v 7 [TF_ o TT7 1 P(Tyjp=t;,|Tjr—1,X0)
ments administered and base- EXTi|Xo) = h(t;,Zo; SW; = =g = - = =
( | Xo0) (tj,Zo57) g K HJT:1 P(Tje=t;5|Tjk_1,X)
line covariates
Outcome in stage k given treat-
_ _ _ T
.. . 7T _ T K T, P(Ti=t;5|Ti_1,Y, "
ments administered and previ- EYTi Y, 21) =h(t5,y.7 1;7) sw; = Hk—KO l_[],Tl Ty =t Tir—1:Yy 1)
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Table 2.1: Marginal Structural Models and Stablized IPTW under different scenarios

2.4 IPTW Simulation Study Framework

Table 2.2 summarizes the IPTW simulation study framework for assessing methods to address time varying

confounding with multiple treatments.

This section discusses simulation case studies to demonstrate the functionality of the framework. We

begin the section with small and simple cases and sequentially increase the complexity of the problem.

At the end of each subsection, we highlight key takeaways from the case study to provide insights. As a

Steps Description
Step 1 Identify treatments, patient variables, treatment outcomes in a study.
Step 2 Identify number of stages.

Identify causal relationships between treatments, between treatments and time varying
Step 3

patient covariates, and from treatment to outcomes.
Step 4 Check for independence among the treatments in each stage.

If the treatments are independent, use the IPTW framework for independent treatments
Step 5

described in section 3 for every treatment based on the indentified causal relationship

If the treatments are correlated, use the IPTW framework for correlated treatments de-
Step 6

scribed in section 3 for every treatment based on the indentified causal relationship

Table 2.2: Marginal Structural Models and Stablized IPTW under different scenarios
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general approach on the simulation studies, we start with describing the problem, provide guidelines for data
generation, implement the framework and show the results. To maintain homoogeneity, for every simulation

case study we use a two-stage problem with the outcome variables realized at the end of each stage.

24.1 Case Study: Independent Treatments

Consider a study with three independent treatments administered across two stages. The study mimics the
causal diagram shown in Figure 2.4. There are three covariates confounding the effect of treatments on the
outcome. Outcome variables are realized at the end of each stage. From the previous section, it has been
established that any treatments administered to the patients before they are in the study are treated as
covariates since they have no association with treatments in the present study. It is also assumed there are
no unmeasured confounders. The data are generated and the true treatment effects are recorded. Below

are the guidelines for data generation.
* A sample size of 1000 is considered for the study.

» Covariate z; follows a binomial distribution with mean 1 and standard deviation 0.5. In medical re-

search, such a variable could signify, for example, if a patient has had any previous surgeries.

 Covariate x5 and x5 are continuous variables, normally distributed with mean 0 and standard deviation
one. These could represent a pre-evaluation treatment score and duration of pain on a standardized

scale.

» Treatment ¢4, in stage 1, follows a binomial distribution and is a function of the three covariates with

the probability of treatment defined by the equation,

Pty =1)= exp(0.5z1 4+ 0.3z + 0.85x3)
L exp(0.5x1 + 0.3z2 + 0.85z3))

+ Similarly, treatments ¢, and t5 in stage 1 are binomial and are functions of the three covariates with

probabilities as follows:
exp(0 — 0.2521 + 0.322 4 0.85z3)
(1+ exp(0 — 0.2521 + 0.325 + 0.85x3))

exp(0.6x1 + 0.1x2 + 0.923)
(1 + exp(0.6z1 + 0.1z3 + 0.923))

Pty = 1) =

Pty =1) =
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» The outcome variable in stage 1 is defined by the equation below. The coefficients associated with
each variable define the effects of the variables on the outcome. For example, treatment 1 has a neg-
ative correlation with the pain outcome, intuitively, if a treatment is administered that is the expected
to reduce pain. The true treatment effect is 0.6. We induce some noise in the outcome tht follows a

normal distribution with mean 0 and standard deviation of 0.9.

y1 = —0.1x1 + 0.229 — 0.1x3 — 0.6¢117 — 0.45t21 + 8(77,, 0, 09)

» Treatments in stage 2 follow the same distributions as in stage 1. However, the probability of a stage 2
treatment is also dependent on the treatment administered in the previous stage and the pain outcome

in stage 1. The following set of equations define the probability of treatments in stage 2:

exp(0.521 4+ 0.3x5 + 0.85x3 + 0.85¢11 + 0.5y1)

Pty =1) =
(h2=1) (1 + exp(0.521 + 0.3z + 0.85z3 + 0.85t11 + 0.5y1))
Pltsy = 1) = exp(0 — 0.25z1 4+ 0.3x2 + 0.8523 + 0.65t21 + 0.5y1)
27T (14 eap(0 — 0.2521 + 0.325 + 0.855 + 0.65t2; + 0.5y1))
0.621 + 0.125 + 0.923 — 0.45t3;, + 0.5
P(t32 _ 1) _ 6$p( xr1 + To + T3 31 + y1)

/(1 + exp(0.6x1 + 0.1x5 + 0.923 — 0.45t31 + 0.5y1))

The data are generated using the following guidelines, and the generalized IPTW process is applied
to obtain treatment estimates in stages 1 and 2. We compare the true treatment effects, obtained from
the data generation process, to the estimated treatment effects with and without weights. The estimated

treatments effects are obtained by fitting a linear model as shown in the equation below.

y=f(X,U)+e.

To obtain the treatment effects of weighted model, a weighted least squares approach is used. The analysis
is conducted in R (R Development Core Team 2008). The weights generated using the framework are
shown below.

In stage 1, there is no time varying confounding effect due to treatments. The variables confounding the
effect of treatment on the outcome in stage 1 are the covariates. For this paper, because the focus is on the
estimation of causal treatment effects, we consider the time varying confounding effect in stage 2. It can
also be seen from the above plot that the weights are concentrated in the lower values between 1 and 2

with only a few patients weighted higher. When the parameter estimates for the unweighted and weighted
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Figure 2.6: Stabilized weights for patients in stage 1 when treatments are independent
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Figure 2.7: Stabilized weights for patients in stage 2 when treatments are independent

models were compared with the true treatment effects, it was observed that the parameter estimates of
the unweighted model were close to the true values, as were the estimates of the weighted model. The

weighted models had marginally smaller standard errors than the unweighted models. This results captures

our intuition of the absence of the time varying confounding effect in stage 1.

In stage 2, the treatments in stage 1 and the covariates confound the effects of treatments on the final
outcome. As explained earlier, this results in a time varying confounding effect that biases the effects
of treatments in stage 2 on the outcome. The weights in Figure 2.7 are obtained by applying the IPTW
framework in stage 2. As can be seen from the figure, some of the patients are assigned very high weights

compared to others. This may be due to the probability of treatment assignment associated with a patient
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Weighted Model with
Treatments True Value Un-weighted Model Weighted Models
truncation
T -0.6 -0.5529 (0.0483) -0.5651 (0.04458) -0.5186 (0.04571)
Ty -0.45 -0.4280 (0.0464) -0.4162 (0.04187) -0.4303 (0.04328)
T3 -0.4 -0.4951 (0.05025) -0.3976 (0.03943) -0.4169 (0.04808)

Table 2.3: Parameter estimates (and standard errors) for independent treatments

is close to zero, resulting in a very high inverse value. This might cause inefficient treatment estimates
with bias towards these high weights. To reduce the variance in this weight vector, a technique known
as truncation is used (Bem (2008), Wan (2006), Lee (2011), Xia (2013)). Truncating weights based on
a percentile, potentially reduces the effect of outliers on the weights. For example, a 95% truncation will
assign the 95th and 5th percentile weights to patients that have weights above the 95th percentile and
below the 5th percentile, respectively. This reduces the variation in the weights but subsequently induces

error in the parameter estimates. Figure 2.8 below shows a plot of the 95% truncated weights.

Truncated Stabilized Weights in Stage 2

(o}
—

o -

Stabilized Weights
|

T T I T T I
0 200 400 600 800 1000

Observations

Figure 2.8: 95" percentile truncated stabilized weights for patients in stage 2 when treatments are independent

Table 2.3 above summarizes the treatment parameter estimates for weighted (truncated and non-truncated)

and unweighted models and compares them to the true treatment effects in stage 2. The values in the brack-
ets are their standard errors. As can be seen from the table, the parameter estimates in the weighted model
are approaching the true effects. This is more evident for treatment 3. It can also be seen that the standard
errors are lower across all the treatments in the weighted model as compared to unweighted model. Al-

though the variation in weights after truncation is lower, it can be seen that the estimated treatment effects
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are further from the true effect. This is more evident for treatment 1. The standard errors are also higher
in this truncated weights model compared to the one without truncation. This is because truncation, by
reducing variance, fails to capture some rare events in the data, which corresponded to the association
of high weight for the rare event. However, the table shows evidence that our generalized IPTW process
addresses the time varying confounding effect of treatments on the outcome. A more comprehensive study
on a real world problem to demonstrate the time varying effect in the case ofindependent treatments was

conducted by LeBoulluec et al. (2018).

2.4.2 Case Study: Correlated Treatments

Example 1

The above section shows that the generalized IPTW process addresses the problem of time varying con-
founding in a multi-treatment, multi-stage study under the assumption that the treatments in the study are
independent. However, in most medical studies the treatments exhibit some correlation. For example, there
may be cases where treatment interactions should be considered. As explained in section 2.3, the joint
probability cannot be written as the product of their marginal probabilities. The generalized IPTW process
allows for correlated treatments, but requires an approach to estimate the joint probability. In this paper, we
implement the factorization approach of LeBoulluec et al. (2013). However, there are some limitations in im-
plementing the framework with factorization approach. This section examines these via different simulation
case studies.

Consider a study involving two treatmentsThe data generation process for covariates is similar to the
one described for the independent treatments case. However, all the treatments in the study are binary, and

the probability assignment of a treatment is represented by equations below.

» Treatment 1 in stage 1:

Plty = 1) = exp(0.5z1 + 0.3z2 4+ 0.85z3)
MY T T 4 eap(0.521 + 0.335 + 0.8513)
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Weighted Models with Weighted Model with
Treatments True Value Un-weighted Model

true distribution average factorizations
T -1.1 -1.214 (0.0915) -1.251 (0.0877) -1.272 (0.0763)
T -2.35 -2.247 (0.0804) -2.258 (0.0798) -02.256 (0.0639)

Table 2.4: Parameter estimates (and standard errors) for correlated treatments in example 1

+ Treatment in stage 2:

P(t B 1) o 6$p(0.5$1 + 03%2 + 085$3, + 0.85t11 + 05y1)
2T T4 exp(0.521 + 0322 + 0.8525 + 0.85t11 + 0.5y;)

» The outcome variable is generated using the following equations, stage 1:
y1 = —0.1x1 + 0.2z — 0.1z — 1.1¢17 — 2.35t21 + £(n,0,0.9).
» Outcome in stage 2:
Yo = —0.1z1 + 0.229 — 0.1x3 — 1.1¢15 — 2.35t90 — 1.7y1 + £(n,0,0.9).

Treatments 1 and 2 are correlated with correlation coefficient of 0.8. As can be seen from the equa-
tions, the probability of assigning treatment 2 depends on the covariates and treatment 1. The
causal diagram in Figure 2.5 shows this relationship. Moreover, the true joint probability distri-
bution of the treatments can be deduced from the set of equations given above. P(Ty,T»|X) =
P(T1|X).P(T2]T1, X). In most cases, these joint probability distributions are not known, which is why
the factorization approach is used. In this problem, since there are only two treatments in the study, it
is computationally viable to obtain the probabilities by averaging across all the possible factorizations.
The table below summarizes the results of estimating treatment effects in stage 2. We use different

coefficients in this case to test the robustness of the generalized IPTW process.

It can be seen from the above table that the treatment estimates in the weighted models are close
to their true values; moreover, the standard errors are lower than for the unweighted models. It can
also be seen that the parameter estimates and standard errors are similar to those obtained under the
model in which the joint distribution is estimated using the product of their marginal distribution under

the true distribution.
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Example 2

When calculating average factorizations for two treatments, the joint probabilities can be decomposed
in the product of their marginal probabilities in 2! = 2 ways. However, this count increases with the
number of treatments. Consider now a larger study of 5 treatments, with medium to high correlations
between them, available in both stages 1 and 2. Add seven covariates that are a mix of continuous and
binary variables. These may represent a variety of patient variables, such as age, previous surgical
history, duration of pain, pre-evaluation pain score, etc. The covariates are generated using a similar
approach as in the previous examples, and all the covariates are assumed independent of each other.
Also, the assumption of unmeasured confounders still holds. The outcome variables in the two stages

are defined as follows:

y1 = abs(0.1z1 + 0.4x5 + 0.225 + 0.1z4 + 0.625 + 0.4z

+ 0.227 — 2t17 — 3.25t91 — 2.35t31 — 1.5t41 — 3.5¢51

+ yo +¢(n,0,0.9))

ya = abs(0.1z1 + 0.4z9 4+ 0.223 + 0.1x4 + 0.625 + 0.4z

+ 0.227 — 2t19 — 3.25t92 — 2.35t32 — 1.5¢40 — 3.5%52

+y1 +¢(n,0,0.8)).
To estimate the joint probabilities of the 5 treatments, the joint probabilities can be decomposed in 5! =
120 ways. As explained in section 2.3, the factorization approach can be implemented with random
factorizations of the decomposed joint probabilities selected. The metric MPRD, also explained in
section 2.3, is used to select an appropriate number of factorizations. To make the model more

robust, under every factorization count, two groups are randomly created and averaged. Figure 2.9

shows the plot of MPRD for stage 2 treatments under different factorization counts.

It can be seen from the above plot that MPR) decreases with the number of factorizations (count). For
more than 90 factorizations, MPRD is less than 10%. The number of factorizations can be selected
using this plot. In this case 120 factorizations are selected for fitting the weighted model. The weights

are generated using averaging over randomly selected factorizations and compared to using the true
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Figure 2.9: Mean percent relative difference for weights in stage 2

distribution. Truncated weights with 99% truncation are also generated for both sets of weights for

comparison. The results are summarized in table below.

The table 2.5 shows the parameter estimates for the different models with the standard errors in the
brackets. The parameter estimates of the weighted models under the true distribution closely follow
the true value with the weighted models having lower standard errors than the unweighted ones.
However, the weighted models using the average of factorizations have a larger deviation from the
true values with high standard errors. The plot below 2.10 shows the deviation of the parameter
estimates of the models from the true values.

Deviation of the parameter estimates from the true value

e Ll v e hted

Difference

«eoge s Wweghted - Avg Factorizations

- g Weghted-true dis

Treatments

Figure 2.10: Deviation of the parameter estimates from the true value
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Weighted-
‘Weighted- Weighted-
average Weighted-
True average true distri-
Treatments Unweighted factoriza- true distri-
Value factoriza- bution, 0.99
tions, 0.99 bution
tion truncated
truncated
-2.4085 -3.4126 -3.4164 -2.470 -2.4021
T 2
(0.429) (5.6618) (5.6518) (0.4070) (0.4391)
-3.657 -4.1094 -4.1182 -3.5424 -3.5678
Ty -3.25
(0.2897) (3.3609) (3.3589) (0.3655) (0.3706)
-1.9535 -1.5260 -1.5305 -1.3665 -1.3679
T3 -2.35
(0.4056) (3.2962) (3.2957) (0.6022) (0.6021)
-1.9672 -0.2702 -0.2678 -1.9383 -1.9819
Ty -1.5
(0.4086) (4.8527) (4.8469) (0.3922) (0.4063)
-3.6980 -3.7680 -3.7683 -3.6447 -3.6448
Ts -3.5
(0.4066) (3.3098) (3.3092) (0.6000) (0.6000)

Table 2.5: Parameter estimates (and standard errors) for different models under correlated treatments in example 2

In theory, these chain rule for the calculating the joint probability should yield same value regardless
of the ordering of treatments. However, since the source of variation in estimating these probabilities
comes from the modeling approach and the data generation techniques, these were further investi-
gated. The model is fit in R and the error induced in the result should be consistent, not only across
all the different models under different factorizations, but also across different datasets. This then nar-
rows the search to the data generation process. It was noticed that correlation coefficients for certain
pairs of treatments were very high. For example, the correlation between treatments 3 and 5 was 0.96.
This caused a problem of data separation which resulted in perfect separation of the simulated data.
The resultant predicted probabilities for these treatments were either 1 or 0, which in turn caused high
weights and subsequently biased treatment estimates. The problem of data separation is generally
resolved by either eliminating one the correlated treatments or by merging the two treatments together
to create a new variable. Since this exercise is beyond the scope of this paper, we move ahead with

our analysis by creating a new example addressing this problem.
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Treatment 1

Treatment 2

0

0

1

1

Table 2.6: High Postive Correlations

Treatment 1

Treatment 2

1

0

0

1

Table 2.7: High Negative Correlations

Example 3

The aim of this example is to demonstrate the generation of joint probabilities using the average fac-
torizations approach. In the earlier examples, we have demonstrated the generalized IPTW process
in estimating unbiased treatment effects, mitigating time varying confounding. However, it was noticed
that these treatment effects are biased when a randomized factorization approach was used to esti-
mate the joint probability. This was mainly due to the correlation structure of the treatments. When

treatments are binary, a high correlation structure will generate data as described below.

- In the case of high positive correlations (> 0.7) between treatments, a majority of the data will
have a structure as shown in the table below. That is, treatment combinations of (0,1) and (1,0)
will have fewer instances, and, in the case of low sample size, they could even be missing. This

causes data separation and inefficient parameter estimates.

- In the case of high negative correlations (< —0.7) between treatments, the data appear as in
the table below. Fewwer instances of (0,0) or (1,1) reduces the predictive power of the model

resulting in more misclassification and inefficient parameter estimates.

In the case of low to moderate correlations, logistic regression performs better than most techniques
to obtain prediction probabilities, especially in cases with low sample size. Consider a study with
three binary treatments and two covariates, one binary and one continuous. Let n be the sample size,

where n = 200. The data are generated using the following set of equations:

— Covariate z; follows normal distribution with mean 0 and standard deviation 1.
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- Covariate z- follows binomial distribution with probability of success 0.5.

- Treatment 1 follows a binomial distribution with probability in stage 1 and stage 2 as,

P(Ty = 1) = exp(0.4x; + 0.322)
U T T eap(0.421 + 0.32,)

P(Typ = 1) = exp(0.4xy 4+ 0.3x2 + 0.35¢11 + 0.15y1)
2 T T eap(0.421 + 0.335 + 035611 + 0.15y;)

- Treatment 2 follows a binomial distribution with probability in stage 1 and stage 2 as,

P(Ty = 1) = exp(0.4z1 + 0.3x2 + t11)
AU TOL exp(0.4z1 + 0.322 + t11)

P(T22 = 1) = exp(0.4x1 + 0.322 + t12 + 0.35t21 + 0.15y1)
- a 1 + 62Ep(0.4$1 —+ 03I2 —+ t12 —+ 0.35t21 + 0151/1) ’

— Similarly, treatment 3 follows a binomial distribution with probability in stage 1 and stage 2 as,

P(T . 1) . 63;‘]?(0.4{,61 + 0.3x9 4+ t11 + t21)
e exp(0.4z1 4 0.3x9 + t11 + to1)

P(T _ 1) _ 61’p(04$1 + 031'2 +t12 + ta2 + 0151/1 + 035t31)
27 T T ¥ eap(0.4xy + 0.3w9 + tig + tao + 0.15y1 + 0.35t51)

- Thus, the true joint probability of distribution can be decomposed as the product of the conditional

probabilities as P(Ty, Ty, T5|X) = P(Ty|X)P(To| Ty, X ) P(T5|Ty, Ty, X).

— The outcome variables in stage 1 and stage 2, with signal to noise ratio as 10, are defined by
the following set of equations. The probability density plots of the outcome variable are shown in
figure below.

y1 =3+ 0.4z1 + 0.322 + t11 + to1 + t31 +£(n,0,0.9).
Y2 =3+ 0.4z1 4 0.3 + t12 + tag + tsa — 0.5y1 + £(n,0,0.55).
The correlation structure of the treatments generated are summarized in the tables below.

The data generated using the above method is then used to estimate average joint probabilities.
These estimated average joint probabilities are then compared with the true probabilities obtained
by multiplying the product of the conditional probabilities generated using the equations above and

shown in the plot below.

It can be seen from the plots that the estimated joint probabilities closely follow the true joint prob-

abilities. A similar inference was observed from the probability plots in stage 1. These probabilities
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Treatments t11 ta1 t31
t11 0.35 0.25
t21 0.35 1 0.28
t31 0.25 0.28 1
Stage 1
Treatments t12 tao t32
t12 0.38 0.18
too 0.38 1 0.3
t32 0.18 0.3 1
Stage 2

Table 2.9: Correlation Structure among Treatments

ti2 l22 132
t11 0.37 to1 0.27 t31 0.19
Table 2.10: Treatment correlations between treatments in different stages
Treatments True Effects Un-weighted Weighted
t12 1 1.07204 (0.05269) 1.01052 (0.04686)
too 1 1.00642 (0.06456) 1.02681 (0.05925)
t32 1 1.0919 (0.07204) 0.84141 (0.05641)

Table 2.11: Parameter estimates (and standard errors) for treatments in example 3
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Figure 2.14: Joint Probabilities in Stage 2
were then used to fit the weighted models and the parameter estimates and standard errors were
compared. The results are shown in the table below.

The weighted treatment estimates are closer to the true effect with lower standard errors than the

unweighted models, as expected. In order to understand the effects of sample size on factorizations
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approach, average factorizations were generated for the same example with varying sample sizes and
compared with their true probabilities. The plot below shows the boxplot of the absolute deviation of

the estimated probabilities under average factorizations from the true probabilities.

Boxplots for absolute deviation of the estimated probability from true probability in stage 2
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Figure 2.15: Boxplots for absolute deviation of estimated probability from the truth in stage 2

As the sample size increases, the interquartile range becomes tighter with fewer outliers. The effect
on the factorization approach seems to reduce as the sample size increases. This can be tested
by generating similar plots for a random decomposition of the joint probability. Figure 2.16 shows
the boxplot of absolute deviation of estimated probability from the true probability under the following
decomposition, P(T1,T5,T3|X) = P(T2|X) - P(T5|T2, X ) - P(T1|T5, T2, X ). The plot shows that with a

larger sample size (> 2000) the absolute deviation is less than 0.02.

2.5 Concluding Remarks

The aim of this study is to demonstrate how to mitigate time varying confounding in observation stud-
ies through a framework of simulation case studies using a generalized IPTW process. This is the first
paper to develop a generalized IPTW process. Further, our framework is used to study the factoriza-
tion approach (LeBoulluec et al. 2013)) for calculating the critical joint probability in IPTW. In case of

independent treatments, the generalized IPTW process simplifies to the approach in LeBoulluec et al.
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Boxplots for absolute deviation of the estimated probability from true probability in stage 2
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Figure 2.16: Boxplots for absolute deviation of estimated probability from the truth in stage 2 under random decom-

position

(2018). This approach is straightforward since the joint probabilities of treatments can be decomposed
as the product of their marginals conditioned on the covariates. This is demonstrated in the current

work using an example with three binary treatments.

Correlated treatments are estimated by decomposing them using the chain rule of probability. The
conditional joint probabilities can be decomposed using multiple orderings, and, thus, without a knowl-
edge of the true ordering, these joint conditional probabilities can be estimated by averaging across
factorizations using all the possible orderings. However, the number of possible factorizations in-
creases with the number of treatments, so an approach is used in which a set of random factorizations
are generated, and the probabilities generated using them are averaged to obtain the weights. The

number of factorizations are selected using the proposed MPRD metric.

The estimation of joint probability under the scenario of correlated treatments is demonstrated using
three examples. The first example shows the implementation of IPTW framework for two correlated
treatments. The estimation of joint probabilities under a small set of treatments is computationally
easy, and the time varying confounding seems to be addressed, as the treatment estimates for the
weighted model are closer to the true values and have lower standard errors than the unweighted
model. The second example demonstrates the high computational complexity for a five treatment

scenario. The MPRD plot is used to select the number of factorizations necessary. The framework falls
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short when the correlations between treatments are very high. A correlation coefficient of 0.7 or higher
results in data separation and should be checked before implementing the generalized IPTW process.
The third example shows the case when the correlations between the treatments are moderate and
do not cause data separation. The generalized IPTW process successfully demonstrates that the
average factorizations approach addresses the time varying confounding. The sample size effect is
also tested, and it can be concluded that the error due to the sampling of factorizations reduces with

the increase in sample size.

This simulation study framework successfully demonstrates that the generalized IPTW process can
address time varying confounding. The IPTW formulation under different problem definitions is high-
lighted. However, there are some caveats such as the type of causal effect a researcher wants to
study, the correlation structure of the covariates and the size of the problem, that a researcher should

keep in mind. The IPTW formulation under different problem definitions is also highlighted.
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Chapter 3

Handling time varying confounding in an adaptive interdisciplinary

pain management program with multiple correlated treatment options

Abstract

Time varying confounding is a common effect observed in medical research where the problem in-
volves analyzing observational longitudinal data. In such setups, the effect of a treatment on an
outcome is confounded by other factors, which causes a bias in treatment estimates. An important re-
search topic is to understand the causal effects of treatments in such observational studies. Moreover,
this problem becomes increasingly difficult in situations where multiple treatments are administered.
One such case is an adaptive interdisciplinary pain management study that combines multiple disci-
plines of professionals to understand the biological and psychosocial factors causing a patientpain and
to determine the best combination of treatments to administer. The sequential nature of the treatment
induces time varying confounding. LeBoulluec et al. (2018), addresses this time varying confounding
when treatments are independent; however, in most cases these treatments exhibit some correlation.
This paper extends the IPTW framework of LeBoulluec et al. (2018) to address time varying con-
founding in a two stage adaptive interdisciplinary pain management program when treatments exhibit
correlation. This paper simulates an example to study such a case to gain understanding, and then
applies the approach to a pain management program at the Eugene McDermott Center for Pain Man-

agement at the University of Texas Southwestern Medical Center at Dallas. This approach can be
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employed in other health care applications, for which treatments are observational over time stages.
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3.1 Introduction

Today, pain has become a universal disorder affecting not only the individuals, but also the individual's
family, friends and health providers, who provide support to help deal with the physical and emotional
consequences of pain (MedicineNet 1996). Doctors often define chronic pain as pain that lasts for
3 to 6 months or longer (WebMD 2005). While acute pain is a normal sensation triggered in the
nervous system to alert an individual to possible injury and the need to take care, chronic pain persists.
Pain signals continue firing in the nervous system for weeks, months, and even years. Advanced
neuroimaging has shown that chronic pain, unlike acute pain, can cause structural changes in the

brain that add to the risk of cognitive problems, including anxiety and depression (SPINE-health 1999).

According to American Academy of Pain Medicine, more than 1.5 billion people in the world are af-
fected by chronic pain. In the U.S. alone, about 100 million Americans are affected. Many chronic
pain conditions affect older adults, among which two thirds suffer from back pain (Igbal 2017). Approx-
imately 3—4.5% of the global population suffers from neuropathic pain, with incidence rates increasing
with age (of Pain Medicine 2017). To emphasize just how prevalent chronic pain is in the United
States, Table 3.1 below shows the comparison of chronic pain with other major conditions. It can be
seen that pain affects more Americans than diabetes, heart disease and cancer combined. To under-
stand the economic aspect of pain as a public health problem, refer to Institute of Medicine Report,
“Relieving Pain in America: a Blueprint of Transforming Prevention, Care, Education and Research,
that documents costs of $560-$635 billion annually. This is equivalent to $2000 for everyone living in
the U.S., which includes the total incremental cost of health care due to pain from $261-$300 billion,
and from $297-$336 billion due to lost productivity (of Pain Medicine 2017). Chronic pain has adverse
effects on the lifestyle of an individual. Apart from tremendous health care costs, rehabilitation, and
loss of productivity, it bodes emotional and financial burden on the patient and their families. Hence,

developing better pain treatments is the primary goal.

The goal of pain management is to improve function, enabling the individuals to participate in day-to-

day activities. However, it is important to remember that chronic pain usually cannot be cured, but can
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Condition Number of Sufferers in United States Source

Chronic Pain 100 million Institute of Medicine of National Academics
Diabetes 25.8 million American Diabetes Association
Coronary Heart Disease 16.3 million
. American Heart Association
Stroke 7 million

Cancer 11.9 million American Cancer Society

Table 3.1: Incidence of Pain as Compared to Major Conditions (of Pain Medicine 2017)

be managed. Thus, there has been an emphasis on pain management techniques to enable patients
to cope with chronic pain problems. The most common treatments for pain include analgesic pain re-
lievers (aspirin, acetaminophen, and ibuprofen), antidepressants, migraine headache medicines, and
similar medications. However, studies have indicated that the integration of interdisciplinary and multi-
disciplinary pain management programs has promising effects on pain management. These programs
promote non-invasive techniques, such as physical therapy and cognitive behavioral therapies. Mul-
tidisciplinary pain management involves a variety of specialists with independent goals. By contrast,
interdisciplinary pain management involves treatment by a team of physicians, behavioral medicine
specialists, physical therapists, nurses and care coordinators working towards one goal (Schatman
and Campbell 2007). With a growing number of treatment options and new medications, formulating
an evidence-based, individually-tailored treatment plan has become increasingly complex (LeBoul-
luec et al. 2018). Patients feel and express pain differently. Thus, there is a need to construct an
individually tailored program for patients suffering from chronic pain. To further mitigate the pain, the
treatment regime can be monitored in stages, which potentially leads to modifications in the treatment
regime. The idea here is to dynamically assess the effects of treatment, so as to expedite improve-
ment in patient status. The McDermott Center is one such adaptive interdisciplinary pain management
program. The team works together to provide a variety of treatment plans and strategies to manage
pain and improve quality of life (Center 2017). Interdisciplinary pain management involves treatment
by a team of physicians, behavioral medicine specialists, physical therapists, nurses and care coor-
dinators. The team works together to provide variety of treatment plans and strategies to manage
pain and improve quality of life Center (2017). Figure 3.1 shows the layout of a two stage interdisci-

plinary pain management program at the McDermott Center. The larger goal of the collaboration is
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to enable evidence-based treatment decisions using patient data analysis with multi-stage stochastic

optimization.

Stage 1 Stage 2

Initial Treatment Modified Treatment

Pt Mid-treatment
re-treatmen : 3
z 1 Evaluation with Post-treatment
Evaluation with . .
= Modified Evaluation
Initial Treatment
Treatment

Figure 3.1: Two-Stage Interdisciplinary Pain Management Program (Igbal 2017)

In the McDermott adaptive interdisciplinary pain management program, a patient complaining of
chronic pain arrives at the center. The patients'medical history, including their demographic informa-
tion, past diagnosis and surgical history, is recorded. Based on these data, a pre-treatment evaluation
pain score is generated at the beginning of stage 1 which is used by a physician to prescribe a treat-
ment plan for the patient. After a few weeks, depending on an individual case, the patient is evaluated
on what is called a mid-treatment evaluation at the beginning of stage 2. At this point a new pain
score is generated based on the patient/textquotesingles response to the treatment. Based on this
score, a modified treatment regime is then prescribed. The post treatment evaluation happens at the
end of stage 2 where a final pain outcome is measured concluding the two-stage program. Another

evaluation occurs one year later, but this evaluation is not considered for this study.

It is known that pain is perceived differently by patients, so to help physicians evaluate each patient,
specific pain outcomes are defined by the McDermott Center. These include: Beck Depression In-
ventory (BDI), Dallas Pain Questionnaire (DPQ), Oswestry Pain Disability Index (OSW), Pain Drawing
Analogue (PDA), Multidimensional Pain Inventory (mpi), 36-item, Short Form Survey Physical Compo-
nent Score (SF36pcs) and 36-item Short Form Survey Mental Component Score (SF36mcs). In this
paper, only one pain outcome, Oswestry Pain Disability Index (OSW), is studied. Figure 3.2 shows

the description of OSW outcome. OSW measures perceived functional disability and is most widely
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used for assessing the disability level of back pain. This is essentially a questionnaire consisting of
10 sections with each section having a score range of 0-5. Thus, a maximum attainable score is 50.
Based on the responses by a patient, a raw score is generated, which is interpreted as follows: 0—10
reflects minimal disability, and hence no treatment is necessary; 11-20 signifies mild disability, with a
need for some conservative treatment; 21-30 signifies severe disability, and detailed investigation is
required; 31—40 signifies crippling disability, with severe intervention required and 41-50 signifies that

the patient is bed bound.

Oswestry (05W): Measure of functional disability

4 = T Bed
Bound
Ec ErT 3 — _— Severe
e e T Investigation

Treatment
2 — Detailed

Investigation
Conservative

Treatments

| | | | |
10 20 30 40 50
DSW Score

Figure 3.2: Oswestry Pain Disability Index (Igbal 2017)

Given this complex treatment plan, it has become increasingly important for physicians to administer
the most effective treatment plan for individual patients. An adaptive treatment decision model could
assist physicians to identify a treatment regime tailored for each patient. Adaptive treatment strate-
gies are a set of decision rules which can be adjusted depending on a patientstate (Murphy 2003). In
such an adaptive treatment scenario, the patient's state variables are influenced by treatments, which
in turn are influenced by the state variables and treatments in a previous stage. In other words, the
treatment effect on a pain outcome is confounded by the patient's state variable. This phenomenon is
called time varying confounding or endogeneity. In epidemiology studies, a key question is to under-
stand the true or causal effect of treatment on an outcome. However, the time varying confounding

results in biased estimate of treatment effects. It is thus necessary to adjust for these effects while de-
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veloping causal models. Previous work on handling endogeneity considers a scenario where there is
a single binary treatment and a binary outcome variable. Estimating treatment effects in such cases is
performed by using adjustments to logistic regression methods (LeBoulluec 2013). However, the pain
management problem contains a mix of binary and continuous data where traditional methods tend to
fail. In this paper, a general procedure to handle such a complex problem is presented. Previous work
on this pain management problem has been conducted by Lin et al. (2013),Wang (2015),Igbal (2017),
LeBoulluec et al. (2013). In particular, LeBoulluec et al. (2018) developed an Inverse Probability Treat-
ment Weighting (IPTW) framework to address endogeneity when the treatment variables available to
a physician are assumed to be independent. In related work, LeBoulluec et al. (2013) introduced a
framework using a factorization approach when the treatments are correlated. The factorization ap-
proach is examined further by Ohol et al. (2018), and the current work extends the development of the
IPTW framework for correlated treatments. The paper also encapsulates some common pitfalls and

problems faced while implementing such a framework.

The remainder of this paper is organized as follows. Section 2 provides a literature review on pain
management, adaptive treatment strategies, and time varying confounding. Section 3 discusses the
bigger picture of the pain management problem and where this research fits in. Section 4 discusses
the IPTW framework, encapsulating the approach, problems faced and techniques suggested to han-
dle them. Section 5 presents a simulation case study to demonstrate the framework, and then de-
scribes the application of the framework to the McDermott adaptive interdisciplinary pain management

case study. Finally, Section 6 discusses future work.

3.2 Literature Review

3.2.1 Pain Management Program

Pain managementgoal is to improve the quality of life for patients suffering from chronic pain. In the

past, this was met with little success because pain management focused mainly on the physical side,
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and patients were treated only with analgesic medications. With the growing addiction to opioid abuse,
mainly in patients suffering from severe pain, it has become increasingly important to identify alter-
natives for treating chronic pain. Rosenblum et al. (2008) in his paper discusses the controversies,
current status and future directions regarding the use of opioids and the treatment of chronic pain.
Improvements were made as theories eventually evolved from single-cause to multi-cause explana-
tions. As a result, adjuvant therapies that were designed for other medical conditions, in addition to

the primary analgesic treatment were introduced to treat pain.

Melzack and Wall (Melzack and Wall 1965) were the first to propose a gate control theory that dis-
cussed the inclusion of physical and psychosocial factors. Conway and Higgins (Conway and Higgins
2011) in their literature review discuss the need to develop new treatment strategies. They provide
recommendations for a model of care for pain management and also discuss important factors, such
as legislations and other socio-economic factors to pain. Due to the complexities of pain, an interdis-
ciplinary team of professionals, including anesthesiologists, physical therapists, psychologists, etc.,
are assembled to create pain management programs that build individualized treatment regimes for
each patient. These programs offer broad forms of treatment and utilize multiple disciplinary compo-
nents, depending on the type of pain and a patientresponse to the treatment. Application of interdis-
ciplinary and multidisciplinary pain management has introduced novel approaches, such as cognitive
behavioral treatment and other non-pharmacological treatments, for cases where medication does
not alleviate the pain to a desired level. In addition, some medications have been discovered to pro-
vide better pain relief than analgesics (Schatman and Campbell 2007), (Gould 2007). There are a
growing number of studies that indicate integration of interdisciplinary or multidisciplinary pain man-
agement programs has promising effectiveness on pain (Flor et al. 1992). For example, Flor et al.
(1992) reviewed the result of sixty-five studies which supports the efficacy of multidisciplinary pain
management centers. In another example, a study by Olason (2004) applied an interdisciplinary pain
management program to focus more on increasing a patientability to function and eliminate analgesics
in a rehabilitation clinic. Applying physiotherapies within a cognitive behavioral framework was shown

to be successful by Eccleston and Eccleston (2004). Consequently, multidisciplinary and interdisci-
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plinary pain management practices are being developed widely (Main and Spanswick (2000), Gatchel
(2005), Schatman and Campbell (2007), Gould (2007), Gatchel et al. (2007)). This has led to the
use of cognitive behavioral or non-pharmacological treatments, which are prescribed when analgesic
medications cannot manage pain or provide a desired level of pain relief (Schatman and Campbell

(2007), Gould (2007), Gatchel (2005), DArcy (2007), Gatchel and Okifuji (2006)).

A statistical modeling and optimization approach to adaptive interdisciplinary pain management was
previously presented by Lin (2010), for which a stochastic dynamic programming approach was em-
ployed as a decision making tool. LeBoulluec (2013) first looked at the inherent endogeneity in data
from the McDermott adaptive interdisciplinary pain management program. She developed a frame-
work based on IPTW to mitigate the estimation of biased treatment estimates (LeBoulluec et al. 2018).
This preliminary work showed promising results and shed light on the problem of endogeneity in multi-
stage pain management data. Outcome models created by LeBoulluec et al. (2013) were incorporated
in an two-stage stochastic programming model by Wang (2015). Igbal (2017) developed a two-stage
stochastic programming model in which the state transition and outcome models were piecewise lin-
ear network models created by Rawat and Manry (2017) using weights developed by LeBoulluec
et al. (2018). Igbal (2017) considers multiple pain outcomes in his model, which are essential in

understanding the multi-dimensional aspect of a patientpain.

3.2.2 Adaptive Treatment Strategies

An adaptive treatment strategy is a dynamic framework which prescribes treatment to a patient de-
pending on its varying needs (Murphy 2003), (Dawson and Lavori 2003), (Collins et al. 2007), (Mur-
phy et al. 2007), (Pineau et al. 2007). It adapts the treatment type and level by sequentially modifying
treatment based on the patient's changing state. To identify a treatment regime, an adaptive treatment
strategy uses patient information, such as a patient's risk factors, outcome measures, irregularity (e.g.,
missing doctor appointments and failure to follow medicine regimen) in following the treatment plan,
and outcomes as inputs to decision rules. This personalized approach is useful over the one-size-fits

all treatment strategy. Based on this notion, adaptive treatment strategies are gaining momentum in
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treating some re-occurring disorders, including depression, chronic pain, drug addiction, etc.(Dawson
and Lavori (2003), Lavori and Dawson (1998), Lavori et al. (2001), Collins et al. (2005), Murphy

(2005)).

Developing useful adaptive treatment strategies requires data that can be collected either from a
randomized experiment or from an observational study. It is usually preferred to have data gener-
ated from randomized experiments, such as clinical trials, where useful inferences can be made in
a controlled environment. Traditionally, random confirmatory trials, also known as RCT, is the most
accepted method to evaluate a treatment program. However, one of the major drawbacks is that RCT
only analyzes the overall treatment effect (Howard and Jacobs 2016). With the introduction of adap-
tive treatment strategies, experimental designs must be modified to consider a patients response to
treatment, including multiphase optimization strategies (MOST) (Collins et al. 2007) and sequential
multiple assignment randomized trail (SMART). Murphy Murphy (2003) published the first attempt at
developing adaptive treatment strategies using a reinforcement learning based dynamic programming
approach (Si et al. (2004), Werbos (1974), Kaelbling et al. (1996), Sutton and Barto (1998), Lee and
Lee (2004), Werbos (2007)). They focused on sequential randomized clinical trials, which yielded
ideal data for optimizing adaptive treatment strategies (Murphy et al. (2007), Collins et al. (2007),
Pineau et al. (2007), Guez et al. (2008), Murphy and Bingham (2009), Shortreed et al. (2011)). In a
more recent study, Nahum-Shani et al. (2016) used Q-learning regression, a data analysis method
with SMART, to construct an adaptive treatment strategy employing naltrexone, behavioral interven-
tion and telephone disease management to reduce alcohol consumption over 24 hours in alcohol
dependent individuals. Gunlicks-Stoessel (2016) constructed a SMART design to develop an adap-
tive treatment strategy for adolescent depression. Shavitt (2016) also used SMART for children and
adolescents with obsessive-compulsive disorder. Kugler Kugler et al. (2016) used MOST to build a
remotely delivered responsive parenting intervention to prevent obesity among children of low income
mothers, with and without depressive symptoms. Other notable work implementing MOST was done
by Gwadz et al. (2017) and Collins et al. (2016). Medical professionals utilize many methods today

for various purposes, such as clinical experience, trial and error, behavioral, and psychosocial and
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biological theories. These methods can be utilized to create decision rules for adaptive treatment
strategies (Lin et al. (2013), LeBoulluec et al. (2013), Robins (1986), Robins and Berkane (1997),
Robins and Greenland (1994), Murphy (2003), Si et al. (2004), Murphy et al. (2007), Collins et al.
(2007), Pineau et al. (2007)). Adaptive treatment strategies were first applied to pain management by
Lin (Lin (2010), Lin et al. (2013)) who developed a framework for adaptive pain management based

on the adaptive treatment strategy concept.

3.2.3 Time Varying Confounding

In epidemiology studies, it is desired to estimate the causal effect of a treatment. In a non-experimental
longitudinal study, conventional methods of parameter estimation fail to address the inherent con-
founding caused by covariates on treatments that are themselves correlated over time. This means
the probability of assigning a treatment at time, ¢ , depends on its past history. In an experimental
setup, where the treatments are randomly assigned, this time varying confounding does not occur.
Conventional methods, such as propensity scoring, could be used to obtain unbiased estimates of the
average effect of a treatment on the outcome, but fails to estimate unbiased causal effects (Daniel
et al. 2013). Robins (1999) explains the dilemma of causal interpretation by introducing two terms,
causal and statistical exogeneity. According to Robins, a treatment is statistically exogenous if the
probability of assigning that treatment given its assignment history does not depend on the history
of time varying prognostic factors, like patient variables. If a treatment is statistically exogenous, it
does not necessarily means that it is causally exogenous. Causal exogeneity is different from sta-
tistical exogeneity because of the presence of unmeasured confounders that influence in predicting
the probability of treatment assignment given its past treatment history. The opposite of exogeniety
is endogeneity. It must be noted that the econometric time series literature has a different definition
of endogeneity. However, the IPTW approach the In the next two subsections, an explanation of

endogeneity is presented, and the IPTW approach for addressing endogeneity is described.
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Endogeneity

Endogeneity, which can be considered as opposite of exogeneity, is defined when an independent
variable is correlated with its error term in a regression model y = f(X) + . Endogenous variables
share a form of functional relationship that influences the outcome variable. The functional relationship
is the correlation between the predictor and the error term. For example, a time varying treatment Uy
is called endogenous if its probability depends on the history of time-dependent patient variables
X = {X4,..., Xt }, conditional on the treatment history in stage ¢t — 1. Uy_; = {U4,...,Uy_1}. This

can be expressed mathematically as,

Corr(X2{U2|U1}) # 0, (3.1

where Corr(A, B|C) denotes the correlation of A and B given C. Equation 3.1 states that treatment
on each day depends on the history of both treatment and patient variables. In the presence of
endogeneity, the estimation of the treatment effect will be biased. More specifically, the main concern
in epidemiology studies is the causal effect of the treatment on an outcome of interest. Here a causal
effect means a direct effect from the treatment to the outcome, not from any other variable, or through
any other variable. Correspondingly, the bias caused by endogeneity is with respect to the true causal
effect. In other words, with endogeneity, an unbiased estimate of the causal effect of treatment on the
outcome cannot be obtained (Robins (1999), Robins et al. (2000)). Exogeneity ensures independence
between the patient variables and treatment in a particular stage, given the treatment history in the
previous stages, i.e., the correlation in above equation is equal to zero in the presence of exogeneity.
Robins, also defines the degree of statistical non-exogeneity, or endogeneity using equation 3.2, which

is eventually developed as an equation to estimate IPTW weights.

i T PUMIT(E - 1), X (1)
0= weee ) 2

where the numerator is the probability of treatment received given the treatment and prognostic factor
history, and the denominator represents the probability of treatment received in a stage given its

treatment history only. If w=1(¢) = 1, then it implies statistical exogeneity, i.e., no endogeneity.
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Inverse Probability of Treatment Weighting IPTW) Method

In an adaptive treatment strategy, endogeneity is a challenging problem because conventional meth-
ods for confounder adjustment, such as stratification, matching and propensity score methods, regres-
sion adjustment, and standardization do not work (Weitzen et al. (2004), DAgostino (2007), Klungel
et al. (2004)). Instrumental variable methods presented by Hogan and Lancaster (2004) obtain un-
biased estimation of treatment effects by making use of some instruments or additional information.
However, the reliance on the availability of instruments limits their applicability. A plethora of literature
in the field of econometrics handles endogeneity using the generalized method of moments (Wind-
meijer and Santos Silva 1997) in count data models with endogenous regressors. Moodie et al. (2009)
in her work proposes structural mean models using Gg-estimation to obtain unbiased parameter esti-
mates for a set of decision rules. She analyzes the duration of breastfeeding with a view to maximizing
infant growth. However, the decision variable in her work is binary, and the intervention is randomized,
unlike the non-randomized nature of the McDermott adaptive interdisciplinary pain management case
study. The IPTW method has been gaining popularity in this type of research and provides a viable
solution to the endogeneity problem (Robins et al. (2000), Hernan et al. (2001), Joffe et al. (2004),
Bodnar et al. (2004), Fewell et al. (2004), Cole and Hernn (2008), Garcia-Aymerich et al. (2008),

VanderWeele (2009)).

More recent work on IPTW has been done by Hong and Raudenbush (2008), Austin and Schuster
(2016), Austin and Stuart (2015), Austin (2013), Theommes and Ong (2016), Huber (2014). All the
referenced work assumes the model form to be known, where a baseline model is built using the
treatment and all covariates in the study. A weighted model is then fit using weighted linear model
to compare it with the baseline model to check for reduction in confounding effects. For example,
Austin and Stuart (2015) provide qualitative and quantitative methods to assess whether measured
baseline covariates are balanced between treatment groups in weighted samples. They also propose
a set of diagnostics when using IPTW to estimate causal treatment effects using observational data.
Hong and Raudenbush (Hong and Raudenbush 2008) propose a strategy for studying the effects of

time varying instructional treatments in repeatedly observed student achievement. The students are
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monitors in two stages, grades 4 and 5, and the treatment variable is a binary variable that is the as-
signment of intensive math instruction. Theommes and Ong (2016), in a primer on IPTW and marginal
structural models, also introduces the application of treatment weights in multiple stages for a single
binary treatment. They study on the effects of developmental tasks on emerging adulthood. While
Raudenbush considers weighting approach in the final stage, Theommes discusses the potential for

weighting in multiple stages in a study.

3.2.4 Contribution

The major contributions made in this research are as follows:

- This research generalizes the IPTW framework by ?, under the condition of correlated treatments,

by addressing issues such as data separation and treatment interactions and co-usages.

- In problems where the true model form is unknown and the treatments are correlated, estimating
joint conditional probability distribution is critical. This paper presents some greedy techniques
and compares them with an average factorization approach examined in an earlier work (Ohol

et al. 2018).

3.3 Overview of Adaptive Interdisciplinary Pain Management

This section presents an overview of adaptive interdisciplinary pain management research and the
issues addressed. It is important to highlight the overall research perspective of the problem to estab-
lish different branches of the research. Figure 3.3 shows an integration on adaptive interdisciplinary

pain management research objectives within the pain management interface.

The nodes under the interface forms the scope of the research for this problem. The medical records
and patient information are collected by researchers at the Eugene McDermott Center for Pain Man-
agement at the University of Texas Southwestern Medical Center at Dallas. Thus, the raw data from

the McDermott Center directly interact with the pain interface and form the primary input. The raw data
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includes patient information, treatment plans administered across two stages, and their pain outcome
measures. Raw data contains many missing or invalid values that can be addressing via imputation
of missing values, so as to preserve as much data as possible. Besides imputation, many patient
variables and treatments are grouped together to reduce the sparsity of data. Treatment grouping is
done in consultation with a physician at the center. This process forms the first step of the interface
and is labeled as Data Cleaning, Imputing and Processing. The next step involves building state tran-
sition and outcome models for patients using linear regression or piecewise linear network methods.
These are prediction models which are used in an optimization framework for treating patients with
an objective to minimize cost and reduce pain. Since the McDermott adaptive interdisciplinary pain
management program is two stages and adaptive in nature, there is inherent time varying confound-
ing causing biased treatment estimates. This needs to be addressed before fitting the state transition
and outcome models. Thus, the next step in the research is to develop an IPT process to mitigate
endogeneity. The weights obtained from this step are used to create weighted predictive models that
are formulated as constraints in the optimization model. The formulation and development of the op-
timization model is the final objective of this larger project. Different versions of the optimization have
been studied, including two-stage stochastic programming, stochastic dynamic programming using

mixed integer linear programming, mixed integer quadratically-constrained programming. As a part of
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future work, survey evaluations would be conducted and incorporated in the pain management inter-
face. The output of the interface is the recommended treatment regime. This paper focuses on the
third step of the interface, which is the development of the IPTW framework to mitigate endogeneity.
More specifically, this paper discusses solutions when the treatments in a given stage are correlated

with each other.

3.4 Inverse Probability of Treatment Weighting (IPTW) for correlated

treatments

As mentioned earlier, LeBoulluec et al. (2018) demonstrates the implementation of an IPTW frame-
work for multiple independent treatment variables. The generalized IPTW framework used for cor-
related treatments follows a similar structure, but must address the key challenge of calculating the
joint probability of treatments. This generalized framework also encapsulates some other common
problems that could be encountered while working with observational longitudinal data. Ohol et al.
(2018) explains in detail the parameter estimation using marginal structural models when treatments
are correlated. Causal diagrams are used to explain the confounding effects of patient variables on
treatments. The estimation of the joint probability is derived via the chain rule, using an average fac-
torization approach. This section reviews the average factorization approach, while discussing other

greedy algorithms to estimate the joint probability of treatments.

Figure 3.4 below shows a causal diagram for the two-stage pain management program. The nodes
represent various parameters considered in the study. Let X; denote the vector of patient variables
such as age, gender, marital status, past medical history, etc. Let U; represent the decision variables
which is a vector of treatment options available for the physician to administer. Let Y denote the pain
outcome measure, in this case, the Oswestry Pain Disability measure (OSW). The arrows represent
an effect of one variable on another. It can be seen from the figure that the structure of this causal
diagram is appropriate for the McDermott pain management program. The state or patient variables

in the first stage affect the decision or treatment variables of the current stage and then influence the
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state and decision variables in the next stage, which in turn affect the outcome measure. It is also
noted that the state variables in the first and the second stages confound the effect of the decision

variables on the pain outcome.

X1 = Patient Vanables in Stage 1
#2 = Patient Varables in Stage 2
LN = Decision Varables in Stage 1
L2 = Decigion Variables in Stage 2
¥ = Qutcome measure (OSW, PDA, BDI etc) at the end of Siage 2

Figure 3.4: Causal diagram for two stage pain management program

Under the assumption of no unmeasured confounders, unbiased parameter estimates can be obtained
by performing a weighted analysis, where each patient is assigned a weight depending on the inverse
of the conditional probability of receiving a treatment. Thus, for a single treatment in a single stage, the
weights can be represented as, w; = 1(P(U; = u1|X1 = x1)), which is the inverse of the probability
that a patient receives treatment U; at level uq, given his or her patient history X;. The treatment
can be either binary or categorical. For continuous treatments, a probability density function could
be considered instead of the conditional probability. In this research, however, we handle treatments
which are binary. The weights are estimated by fitting a preliminary logistic regression, for example
U, on X, in stage 1. The estimators obtained using these weights are called the IPTW estimators
Robins et al. (2000). The effect of weighting is to create a pseudo-population consisting of w; copies of

each patient reducing the effect of the confounding patient variables. Referring back to Figure 3.4, the
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McDermott adaptive interdisciplinary pain management problem comprises two stages with multiple
treatment options available in each stage. The IPTW process can incorporate multiple treatments by
decomposing the joint probability of the treatments being observed into the product of their conditional

marginal probabilities in every stage.

1
w = (3.3)
H P(Upt = upt|Ukg—1 = Uke—1, X = X¢)

Equation 3.3 calculates the IPTW weights for patients registered in the pain management program
where

t = 1,2; number of stages

k = number of treatments

uy is the observed k" treatment in current stage ¢

x4 is the vector of patient or state variables in current stage ¢

ure—1 is the value of k" treatment observed in the previous stages Thus, for example, for two stages
and two treatment options available in both stages, the weights in stage 1 can be calculated as,

1 2 1

Wstagel = HH
PR P(Ugt = upt|Ukt—1 = Ukg—1, X = X¢)

1 1
Wstagel =
tagel P(Uu = u11|X1 = X1) P(U21 = U21\X1 = Xl)

and the weights in stage 2 as,

2 2
1
Wetagel = 751;[11};[1 P(Uit = upt|Ukg—1 = Uke—1, Xt = X¢)
1 1
Wstagel =
fagel P(Un :U11|X1 :X1)P(U21 :U21|X1 :Xl)
1 1

P(Uiz2 = u12|U11 = w11, X2 = X2) P(Uzz = up2|U21 = u21, X2 = X2)
These formulations can be extended to multiple treatments and multiple stages without the loss of
generality. The predicted probabilities in the denominator are obtained using appropriate regression
models. In the pain management study, treatments are assumed to be binary where logistic regres-

sion models are fitted to obtain the predicted conditional probabilities. It should also be noted that the
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probability, P(Uy: = ukt|Ukt—1 = uki—1, Xt = @), may vary greatly between patients when compo-
nents of the state variables are strongly associated with treatment variables. This may result in some
patients being weighted extremely high compared to others. As a result the IPTW estimator may have
large variance and may deviate from normality. In order to avoid this, the weights are replaced with
stabilized weights, which are calculated as, s,, = P(Ux = uy)/P(Ur = ug|X;1 = x1) for a particular
treatment k in single stage. If the treatment is un-confounded with the state variable, this stabilized
weight s,, is equal to 1 indicating no association between treatment and state variable. In the case
of confounding, the weight would be near 1 and less variable than the un-stabilized weight w Robins
et al. (2000). Thus, for the McDermott adaptive interdisciplinary pain management case study, the

stabilized weights are calculated using equation 3.4.

T K

w _ HH P(Urt = upt|Ukg—1 = Uke—1) 34)

stagel — 5 .
0 AL P(Uke = une[Uke—1 = tke—1, X = Xy)

where the probability in the numerator can be calculated as the predicted probability in a univariate
logistic regression model in stage 1, and as a logistic regression model conditioned on the treatment
observed in previous stages for stages greater than 1. The joint conditional probability of treatments is
estimated using the average factorization approach, as explained by LeBoulluec (2013) and Ohol et al.
(2018). However, the average factorization approach becomes computationally expensive with the
increase in the number of treatments. Moreover, this approach tends to induce more noise since the
effect of true distribution is averaged along with multiple other decompositions that do not represent
the true distribution. This section describes other algorithms that can be considered as an alternative
to the average factorization approach. This paper lays a foundation for the next steps in the outcome
and state transition modeling approach. The rest of this section explains the steps in the generalized

IPTW framework, and Section 4 discusses a simulated case study and the McDermott case study.
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3.4.1 Generalized IPTW Framework

Step 1: Data Investigation

This step is different from the initial phase of the McDermott adaptive interdisciplinary pain man-
agement interface which deals with data imputing, cleaning and preparation. Once the dataset is
pre-processed,further investigation should be done based on expert knowledge on the data. Any
anomalies should be consulted and taken out of the analysis. For example, in the McDermott adap-
tive interdisciplinary pain management case study, there are certain dosage limitation on certain med-
ications which might be prescribed. There are severe interactions between medications which have
been specified at the pain center. Any observations which violates these conditions should be first

consulted with an expert and if deemed incorrrect, should be removed from the analysis.

Step 2: Handling Data Issues

This step involves investigation of variables before obtaining weights. Initial exploratory data analysis
can help obtain insights on some of the common data issues embedded in the data. These require
attention at a fairly early stage of model building, in order to avoid issues in model fitting. This step
is similar to the feature engineering step in machine learning problems, where an engineer has to
check for data issues, such as sparsity, correlations, and the presence of similar features. However,
in observational study with a small the sample size, issues of data separation may arise when a pre-
dictor variable or a set of predictor variables completely or partially separate an outcome variable.
This happens in particular when the data comprise of binary or categorical variables, like in the pain
management case study. Under data separation, the modeling fitting process will fail for a logistic re-
gression model. This is because the maximum likelihood estimates do not exist for the variables that
separates the outcome variable. Complete and quasi-complete separation can be identified by forming
22 contingency tables to observe the cell frequencies of the outcome variables against each predictor
variable. If either of the non-diagonal elements have zero cell frequencies, there is quasi-complete

separation and if all the non-diagonal cells have zero frequencies, there is complete separation. Fur-
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ther investigation is done by observing the estimated coefficients and standard errors obtained from
fitting logistic regression models with treatments as response variables and the patient state variables
as predictors. For the software-generated fitted model, variables that contribute to data separation
have high estimated coefficients and high standard errors. Predicted probabilities obtained under
complete or quasi-complete separation are asymptotically close to 1. This means there is perfect or
near perfect prediction and the weights obtained have very high magnitude. Thus, for the McDermott
adaptive interdisciplinary pain management case study, the data should be checked for separation

and if it exists, the contributing variables must be handled.

Data separation can be handled by either grouping levels of categorical variables or by checking if
another version of outcome or predictor variable is present. In the proposed framework, grouping
conducted by considering various constraints and rules that exist for the specific case study or appli-
cation. Treatments are grouped separately from patient variables. In medical applications, treatments
can be grouped based on their co-usage and interactions. Expert knowledge along with correlation

analysis and variance inflation (VIF) values can be used to form groups.

Step 3: Building Preliminary Models

This step involves building initial state transition and outcome models to identify significant variables
in the study. The dataset in observational study can consist of large number of independent variables
and fewer observations. In previous work by LeBoulluec et al. (2018) the number of insignificant vari-
ables are eliminated by fitting a stepwise linear regression model or piecewise linear network on the
data. Although this step helps reduce the computational complexity of a problem with large feature
space, care must be taken before eliminating them since some of the features might have confound-
ing effects on the treatments. Eliminating such variables would violate the assumption of unmeasured
confounders resulting in inefficient treatment estimates obtained from the IPTW framework. The Mc-
Dermott adaptive interdisciplinary pain management data consist of patient variables, referred to as

state variables in the optimization, and treatment variables referred to as decision variables in the
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optimization. The preliminary model is formulated as,

y=FfX,U)+e,

where y is the patient's outcome measure, X is the vector of patient variables, U is the vector of
treatments, and f is a linear function. For example, to estimate effects of three treatments, such
as psychotherapy, physical therapy and NSAIDS, on an Oswestry Pain Disability Measure (OSW),
a linear model could be used. The linear model is built with other covariates such as age, surgical
history and previous recorded pain measure,If there is enough evidence that a state variable, such
as surgical history, confounds the effect of the treatments prescribed on the pain outcome, these

variables cannot be removed from the analysis.

Step 4: Estimating Joint Probabilities

The IPTW framework uses Equation 3.3 to estimate the weights. The denominator of the equation re-
quires estimating the conditional probability of a treatment administered to a patient given the patient's
treatment and covariate history. In the case of multiple treatments, this estimation comes from de-
composing the joint conditional probabilities of treatments given a patient's history. LeBoulluec et al.
(2018) discusses the decomposition of three treatments, which can be done in 3!=6 ways. Under
the assumption of independence these different decomposition are identical. However, this is not the
case when the treatments are correlated. Ohol et al. (2018) discusses a factorization approach de-
veloped by LeBoulluec et al. (2018) to estimate joint conditional probabilities of treatments. A need to
develop such a method arises when the true joint distribution of treatments is unknown. The average
factorization approach forms as a good approximation to the estimation. However, this approach is
computationally intensive and induces noise in the estimation. As an alternative, greedy search al-
gorithms using a minimization and maximization approach and another algorithm based on a greedy
approach are employed. The greedy search algorithms search for a treatment that minimizes or maxi-
mizes the estimated probability conditioned on the treatments history, the remaining treatments in that

stage, and the covariates. The algorithms run until all the treatments have been selected. The order
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in which they are selected forms the order of the chain rule to calculate the joint conditional probability.

This can be represented using the following equations and Algorithm 1.

X) =

Let, 7 = iy,49,...,4; be a given permutation of a number between 1 and ¢ s.t. p(T;,,..., T,

in

P(T3, | X) % .ox p(T5, | Ty, ..., Ti, . X) Let, {T;} be the set of treatments

in—l

Algorithm 1 Greedy Search Minimization Approach
0: procedure GREEDYMIN

0: g :argminjﬁ(TjHij},f(), k=n,n—1,..,1

4

Update {T; = (TinTx)
0:  Repeat 1 and 2 till {T},;} = 0
0: procedure GREEDYMAX

0: i =argmax;p(T;|{Tin;}, X), k=n,n—1,...,1

e

Update {T; = (TynTix)

0: Repeat 1 and 2 till {T},,;} =0
=0

The third algorithm that operates on a greedy search technique was developed by DeBonet et al.
(1997) and is called Mutual Information Maximizing Input Clustering (MIMIC). Let, © = i1, s, ...,1; be
a given permutation of a number between 1 and ¢.

p(T) = p(T3, |13, )p(Ti, | Tiy)-.-p(Ti, | T3, )P(T,,)-

The distribution of p,.(T") uses = as an ordering for the pairwise conditional probabilities. The goal is to
choose the permutation (chain rule ordering) that maximizes the agreement between p.(T') and p(T)

using Kullback-Liebler divergence given by,

D(pllps) = / pliog(p) — log(px)dT = Eyllog(p)) — Eypllog(ps]

= —h(p) — Eplog(p(T3, | T3, )p(Ti, | T3, ). p(Ti, | T, )2(T5,))]
= —h(p) + MT;,|Ts,) + ML, | Tiy) + .. + R(Ti,, | Ti,) + W(T,)
Because h(p) does not depend on =, the cost function seeks to minimize,
Jr(T) = h(T;,|T3,) + M1, | T3y) + o + W(T3, | T3,) + R(T5,)-
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Algorithm 2 summarizes the MIMIC approach. The computational complexity of the algorithm is O(n?).

Algorithm 2 MIMIC Approach
0: procedure MIMIC

0: i, =argmin;h(T})

0 g :argminjﬁ(ijkH)’ where j # igyi1.dpandk=n—1,n—-2,..2,1

Step 5: Calculating weights

Once the joint conditional probabilities of treatment are estimated, the weights can be calculated using
Equation 3.4. As mentioned earlier, logistic regression models are used to estimate the predicted
probabilities of Equation 3.4. The weights are created for both stages and are used to create new

state transition and outcome models.

Step 6: Rebuild Models

Once the weights are obtained, the initial models built in step 2 are refitted using the weights to obtain

the weighted estimates of the treatment effects as shown below,
Bw = (XTWX)1xTwy,

where W is the matrix of weights obtained using the IPTW method, and B{/V holds the coefficient

estimates of the weighted model.

These weighted state transition and outcome models are essentially weighted linear regression mod-
els or weighted piecewise linear models. As stated earlier, these weights represent duplicate copies
of patient observations in a pseudo-population meaning. A weight for a particular patient is equivalent
to the number of observations that the particular case represents. Building the weighted models is the
final step in the framework. Performance of the framework is analyzed by comparing the estimated
coefficients and standard errors for the weighted and un-weighted models. In addition, these models

could be used in an optimization routine to assess their effect on decision making.
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3.5 Case Study

The case studies presented in this section demonstrate the implementation of the generalized IPTW
framework on cases with correlated treatments. The first case study is a simulation study to demon-
strate the need for properly estimating the joint probabilities of treatment. If the true joint probability
distribution of treatments is known, then the weights generated mitigate time varying confounding. The
second case study implements the generalized IPTW framework on the McDermott pain management

data. The weights are generated using MIMIC to estimate the joint probabilities of treatments.

3.5.1 Simulation study

The simulation study presented here is a continuation of the case study presented in the earlier work
by Ohol et al. (2018). Their paper demonstrated the generation of joint probabilities of treatments
using the average factorization approach and compared against the probabilities generated using
the true joint distribution. This study will demonstrate the effectiveness of the estimation of joint
probabilities in mitigating time varying confounding. The data generation process for the simulation

study for sample size of 200 is explained using the equations below.

— Covariate z; follows a normal distribution with mean 0 and standard deviation 1.
- Covariate - follows a binomial distribution with probability of success 0.5.

— Treatment 1 follows a binomial distribution with probabilities in stage 1 and 2 given below,

P(Ty = 1) = exp(0.4z1 + 0.322)
YT T eap(0.421 + 0.32,)

P(Tis = 1) = exp(0.4x1 4+ 0.3x2 + 0.35¢11 + 0.15y7)
2T T T eap(0.4my + 0.325 + 0.35t1; + 0.15y;)

— Treatment 2 follows a binomial distribution with probabilities in stage 1 and 2 given below,

P(Ty = 1) = exp(0.4zy + 0.3x2 + t11)
AT exp(0.4z1 + 0.329 + t11)

P(Ty = 1) = 720471 + 0335 + 1> +0.35t1 +0.159)
2 B 1 + 6Ip(0.4x1 + OSIQ + t12 + 0.35t21 + 0151/1) '
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- Treatment 3 follows a binomial distribution with probabilities in stage 1 and 2 given below,

P(T . 1) . €l’p<0.4$1 + 0.3x9 + t11 + tgl)
31 1 + 61‘p(0.4$1 + 031‘2 + tll + t21)
P(Ts =1) = exp(0.4z1 + 0.3z2 + t12 + too + 0.15y; + 0.35%31)
32 1+ exp(0.4z1 + 0.3z + t1o + too + 0.15y; + 0.35t31)

- Thus, the true joint probability distribution can be decomposed as the product as follows: P(17,T5,T3|X) =
P(Th| X)P(T2| T, X) P (15|11, T2, X).
- The outcome variable in stage 1 and stage 2 is generated by the following code. The signal to
noise ratio is 10.
y1 = 3+ 0.4x1 + 0.329 + t11 + to1 + t31 +£(n,0,0.9).
Yo = 3+ 0.421 + 0.325 4 t1o + tag + t3z — 0.5y1 + £(n,0,0.55).
The data generated using the above method is then used to estimate average joint probabilities, which
are then compared against the true probabilities obtained by multiplying the product of the conditional

probabilities generated using the equations above and shown in Figure 3.5.

Estimated Joint Probability in stage 2 True Joint Probability in stage 2
=] =2
o =
o o
g2 w e w
= L] *: i
=] I AJ. | A 3 ol
[=1 I I I I I [=1 | | I I I
o 50 100 150 200 ] 50 100 150 200
Observations Observations

Figure 3.5: Estimated Joint Probabilities in Stage 2

It can be seen from the plots that the estimated joint probabilities closely follow the true joint prob-
abilities. A similar inference was observed from the probability plots in stage 1. These probabilities
were then used to fit the weighted models, and the parameter estimates and standard errors were
compared. The results are shown in the Table 3.2.

The treatment coefficient estimates from the weighted model are closer to the true effect with lower
standard errors than using unweighted model. An important modeling note here is that additive mod-

els are used for the analysis. Second order interactions are tested using a likelihood ratio test, and
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Treatments True Effect Unweighted Weighted

t12 1 1.07204 (0.05269) 1.01052 (0.04686)
too 1 1.00642 (0.06456) 1.02681 (0.05925)
t32 1 1.0919 (0.07204) 0.84141 (0.05641)

Table 3.2: Parameter estimates (and standard errors) for simulated case with correlated treatments

t12 - model type T1 X9
Unweighted 0.3884 0.4015
Weighted 0.00473 0.01442

Table 3.3: Testing differences for treatment 1 in stage 2

the interactions are concluded as insignificant. Based on the true distribution,the joint probability of
treatments are given in equation P(T1,T5,73|X) = P(T1|X)P(T>|T1, X)P(T3|T1, T, X) and aids the

data generation process.

It can be seen that in stage 2, treatment 1's effect on the outcome variable y, is confounded by the
covariates z1, zo and previous treatment history, ¢1;. Treatment 2's effect on y5 is confounded by the
covariates, treatment 2's history in stage 1 and also by treatment 15 in second stage, as per the
decomposition of the true joint probability distribution. Finally, the variables confounding treatment 3's
effect on y, are the covariates, treatment 3's history on previous stage t3; and the other two treatments
in stage 2 t15 and to5. The IPTW approach should mitigate the effect of these confounding variables.
To test them, the stabilized weights for stage 2 are divided by treatments and the stabilized weights
for each treatment in stage 2 are then used to test this difference effect. Tables 3.3, 3.4, 3.5 below

summarize these results.

It can be seen from the tables above that the time varying confounding is significantly reduced among
all the confounders. The effect is more prominent when the true joint conditional probability distribution
is used since we can correctly identify the confounding factors. This effect is otherwise hard to notice in

a problem with a huge feature space. Thus, it becomes increasingly important to identify the structure

too - model type x1 — toq To — to x1 — t12 T, — t12
Unweighted 0.418 0.578 0.6955 1.3524
Weighted 0.10976 -0.1921 0.01763 -0.043

Table 3.4: Testing differences for treatment 2 in stage 2
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t32 - model type x1 — t31 x1 — ti12 x1 — t2o o — t31 x2 — t12 x2 — t22
Unweighted 0.5051 0.51 0.6955 1.3524 0.7651 1.2114
Weighted -0.1584 -0.0038 -0.0834 -0.1052 0.4678 0.5115

Table 3.5: Testing differences for treatment 3 in stage 2

of the true distribution of the treatment probability. The next case study shows implementation of the
generalized IPTW framework on the McDermott adaptive interdisciplinary pain management data. In
step 4 we estimate the joint probability of treatments using the methods explained in the previous

section.

3.5.2 McDermott Adaptive Interdisciplinary Pain Management Case Study

This section discusses the application of the generalized IPTW framework to data from the Eugene
McDermott Center for Pain Management at the University of Texas Southwestern Medical Center
at Dallas. These data consist of patient information and treatments administered along with their
observed outcome. A total of 294 observations were recorded between January 1998 and June
2007 LeBoulluec et al. (2013). LeBoulluec divided the dataset into training and testing sets using
K-means clustering. The training dataset consists of 235 observations, and the testing dataset has
the remaining 59 observations. It must be noted that since the data set is small, there are cases of
rare observations that are included in the training data set. The complete dataset contains 53 patient
variables, including as age, gender, litigation, marital status, race, physical history, past diagnosis,
surgical history, etc. In addition, there are 14 stage 1 treatments and 13 stage 2 treatment variables.
The outcome measure is used in this study is OSW and is recorded for pre-, mid-, and post-evaluation.

The treatment variables are coded for this study and are summarized in Table 3.6 below.

ProcGrll is only available as a treatment option in stage 1. Due to the interdisciplinary nature of
the study, treatments are prescribed from both the groups and patients must receive at least one
treatment in the course of the study. All the procedural treatments are binary variables (0: no, 1: yes),
and the pharmaceutical treatments are categorical variables with two or three levels (coded as 0: no,

1, 2, 3). The patient variables are a mix of binary, categorical, and continuous variables The OSW
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Code Procedural Treatments Code Pharmaceutical Treatments

ProcGrl Injections RxGrl Tramadol
ProcGr2 Block Procedures RxGr2 NSAIDs
ProcGr4 Stimulation Procedure RxGr3 Narcotic
ProcGr9 Cognitive Therapy RxGr4 Muscle Relaxant
ProcGr10 Physical Therapy RxGr5 Antidepressant
ProcGrl1 Number of Additional Procedures RxGr6 Tranquilizer

RxGr7 Sleeping Pills

RxGr8 Others

Table 3.6: Treatment Variables in Pain Management Data

score is defined in the earlier section and, as described, is treated as a continuous variable that can
attain a maximum score of 50, indicating severe bedridden pain. The training dataset is used in the

generalized IPTW framework, and the process is explained below.

Step 1: Data investigation

The raw dataset was obtained from the Eugene McDermott Center for Pain Management at the Uni-
versity of Texas Southwestern Medical Center at Dallas which contained missing values and other
inconsistencies. A data processing tool was developed for the larger project to handle imputation
and cleaning (refer to Figure 3.3). In this step the processed dataset was further investigated for any
anomalies. It was noticed that six patients were not prescribed any treatment in any stage of the
study. For these patients, there was no consistent pattern with the pain outcome, i.e., the OSW score
increased first and then decreased across the stages for two patients, and otherwise for others. Thus,
these observations were removed from the study after consulting with physician associated with the

McDermott Center. The number of observations in the training data were reduced to 229.

Step 2: Building preliminary models

An additive model form is used in step. The preliminary model used contains all the variables in
the study. Models for stage 1 and stage 2 are built using a linear model approach with the outcome
variable Post_OSW being treated as continuous. The covariates are a mix of binary and continuous

variables, and the treatments are binary.
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Step 3: Handling data issues - Data Separation

A variety of data issues, such as sparse data, the presence of linear combinations of predictors,
data separation, may exist for this case study. These problems need to be addressed before moving
forward. Failing to address these problems could result in extremely high weights. As mentioned in
the previous section, a small dataset with a large number of predictor variables will potentially give rise
to data separation, especially when the dependent variables are binary or categorical, and thus needs
to be addressed. The procedural and pharmaceutical treatments for the pain management data are
binary variables. Data separation was a major problem identified in the pain management data. This

step is thus further divided into subsections to explain how data separation was handled.
Description

Data separation in the pain management data was first encountered when logistic regression models
were fit in step 3. It was observed that a few patients were assigned extremely high weights, in the
magnitude of thousands, as compared to the rest. On further investigation, of the parameter estimates
of these models, it was seen that the standard errors and coefficients of some of the predictors in the
logistic models were very high indicating data separation. As a result of data separation, incorrect
predicted probabilities are obtained. To understand the mathematical explanation behind the maxi-
mum likelihood estimates which are used to generate parameter estimates and standard errors. Let

the log likelihood for Logit model be,

I(B) =8 Zfzyz - Z In[l + exp(B(2;)]

%g) = zl:‘%zyz - zl:jzil?z

(3.5)
here, i = —————
where,y; = 1+ exp(—ﬁxl)
olp) _
” : (3.6)

Zizyz - Zfzgz =0
i i
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Since j is a vector, Equation 3.6 is a set of equations, one for each parameter to be estimated,
identical to 'normal’ equations for least square estimates in linear regression, estimated y; is nonlinear

function of ;. The explicit solution for j is,

5SS
h= ln(f12f21

where, fi; = observed cell frequency in 22 table for a dichotomous x variable; G

i=1,2andj=1,2
When there is no explicit solution, numerical methods like Newton-Rhapson method are used to cal-
culate parameter estimates and standard errors using an iterative algorithm. From Equation 3.7, it is
evident that if at least one of the non-diagonal elements of the 22 table is zero the maximum likelihood
estimates does not exist. Thus the above explained approach was used to identify the treatment and
patient variable pairs which cause data separation. It was also identified that the treatment variables

are quasi-completely separated by the predictors.

Literature There are multiple ways to handle data separation. Quasi-complete separation, where only
one of the non-diagonal frequencies in the 22 table is zero, is mainly caused when an explanatory
variable is a dummy variable. A first step is to check for such inconsistencies. If no such inconsis-
tencies are found, other techniques should be employed. On further examination of the 22 tables for
the treatments, it was observed that some of the factor levels of the categorical treatments had very
few observations. This was mainly due to the small size of the data. This indicated a potential to
merge the categories of the treatments into binary, where 0: no treatment received and 1: treatment
received. The binary treatments are used in generation of weights when logistic regression models
are fit. While developing the state transition and outcome models, these categories are not collapsed.
It would be appropriate at this juncture to highlight the importance of checking for data separation,
even though the weights seemed to be adequate.

Proposed Solution: Elimination by grouping variables Grouping technique is considered to be a vi-
able option to eliminate data separation and can be incorporated as a general step in the framework.
However, the initial inception of the technique arises from the fact that there exists certain treatment

prescription patterns in the data which needs further exploration under the guidance of a domain ex-
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Treatments RxGrl RxGr2 RxGr3 RxGr4 RxGr5 RxGr6 RxGr7 RxGr8
ProcGrl Moderate Moderate Mild Moderate
ProcGr2 Moderate Mild Moderate
ProcGr4

ProcGr9

ProcGr10

ProcGrl1

RxGrl Mild Moderate Moderate Moderate Moderate Moderate
RxGr2 Moderate Moderate
RxGr3 Moderate Moderate Moderate Severe
RxGr4 Mild Mild Moderate
RxGr5 Severe Mild Moderate
RxGr6 Mild

RxGr7 Moderate
RxGr8

Table 3.7: Summary of treatment interactions

pert. Previous work done by Lin et al. (2013), LeBoulluec (2013), Wang (2015), Rawat and Manry
(2017) and Igbal (2017) considers certain predetermined interactions between treatments which acts
as a catalyst for further analysis. Table3.7 below shows an interaction matrix highlighting mild moder-
ate and severe interactions among treatments. These are the restrictions placed on the prescription

of the treatments by the physician.

For example, there is a severe interaction between RxGr4 (Muscle Relaxant) and RxGr6 (Tranquil-
izer); thus, they are never prescribed together. Moderate interactions imply that the treatments are

prescribed in rare cases. Mild interactions relax this notion to a higher degree.

Based on the previous information about treatment interactions, the nature of the pain management
program and the available data, certain rules were instituted in the grouping blueprint. First, the treat-
ments to be grouped would be similar across all the stages, since the adaptive treatment strategy is to
devise a treatment regime, homogeneity across the stages is helpful for interpretation. For instance, if
ProcGr9 (physical therapy) and ProcGr10 (cognitive behavioral therapy) are combined, they would be
combined across all the stages. Hence, the correlation analysis of both stage 1 and 2 are considered

in creating new groups. However, it must be noted that the IPTW framework can handle presence of
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Treatments - stage 1 Interacting terms Treatments - stage 1 Interacting terms
ProcGrl_1 ProcGr2_1 ProcGrl 2 ProcGr22
ProcGr4_1 ProcGr4_2
ProcGrl11_1 ProcGr22 ProcGr4_2
ProcGr2_1 ProcGr4_1 RxGrl12 RxGr32
ProcGrl1_1 RxGr32 RxGr722
ProcGr4_1 ProcGrl11_1 RxGr8-2
RxGrl_1 RxGr3_1
RxGr6-1
RxGr8_1
RxGr3_1 RxGr8_1
RxGr7_1 RxGr8_1

Table 3.8: Summary of treatment interactions

different decision variables in different stages. Next, the treatment variables considered for grouping
are similar in characteristics. Since the pain management program is interdisciplinary in nature, a
key element is to consider both pharmaceutical and procedural treatments. Hence, to maintain this
attribute of the study, procedural treatments will not be considered for grouping with pharmaceutical

variables. This same approach is applied while checking for the grouping of state variables.

Finally, the type of correlation and Variance Inflation (VIF) analysis for checking co-usages and in-
teractions uses subsets of observations from the data. It was identified from further analysis that
each patient is administered very few treatments. Thus there is sparseness in the treatment data.
An exception was observed for cognitive behavioral techniques and physical therapies. To check for
co-usages, all the available observations in the training data were used for the correlation and VIF
analyses. However, to check for interactions, only the observations where at least one instance of a
treatment in the pair of treatments under consideration were used. This mainly arises from the fact
that pharmaceutical treatments are not administered as much and thus the data contain high num-
ber of '0" instances. Table 3.8 below summarizes the potential interactions among treatments to be

considered for grouping.

To check for co-usages, a correlation analysis was performed on the treatments in stage 1 and stage 2
with all the observations. It was observed that the correlations between ProcGr9 and ProcGr10 were

high in both stages, 0.8387 and 0.8418, respectively. All the other treatment pairs had low correlation
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Type Parent Variables New Variable Type Parent Variables New Variable
Treatment ProcGr9 ProcGrl2 Patient Variables race_l race
ProcGr10 race_2
ProcGr2 ProcGr13 phydx3 phydx32
ProcGr4 phydx8
ProcGrl1 Phydx4 phydx33
RxGrl RxGr9 phydx15
RxGr3 phydx20 phydx34
RxGr7 RxGr10 phydx31
RxGr8 pastdx4 pastdx33
pastdx14
SghxGr6 SghxGrl2
SghxGrl1

Table 3.9: List of grouped treatments and patient variables

coefficients. On further consultation with the McDermott Center, these two variables were grouped
together. VIFallow us to consider the treatment interactions in a multidimensional space. The corre-
lation analysis helps identify multiple pairs of treatments that might be considered for grouping. VIFs
are calculated for that particular treatment and all the other treatments with which had a high pairwise
correlation. VIFs are calculated for each case when the three treatments are added in the model one
by one. For example, it was observed that VIF values were high when ProcGr2_1, ProcGr4_1 and
ProcGr11_1 are together, suggesting high multicollinearity. Table 3.9 summarizes the groups. It was

observed that these new variables do not cause separation.

Step 4: Estimating conditional joint probability of treatments

The heat maps in Figures 3.6 and 3.7 show the correlation structure of the treatments in stages 1 and
2. It can be seen that there is mild to low correlation among the treatments in each stage after they

are grouped based on interactions and co-usages.

With the new treatment groups, the correlation between the treatment variables has been reduced.
As discussed in LeBoulluec et al. (2018) under the assumption of independence, the treatment order
in the decomposition is irrelevant. To test independence for a treatment, the treatment is regressed

with the other treatments and covariates and their significance is tested at a 0.05 alpha level. Based

79



on the tests the pairs of correlated treatments identified are summarized in Figures 3.8 and 3.9.

Based on this final correlation structure, the joint probabilities of treatments are estimated using the
GreedyMin, GreedyMax and MIMIC algorithms. The decomposition of the joint probabilities of treat-

ments is given in Table 3.10.

It can be seen from the tables that the treatment order using GreedyMin and GreedyMax is the op-
posite of each other. MIMIC generates yet another different ordering. However, MIMIC performed
better in terms of computational time and the variation in the weights. Simulation studies were also
developed to test the performance of the three algorithms. It was noticed that when the number of
treatments increases, and when more covariates are included in the study, MIMIC successfully identi-
fies the true distribution of joint probability of treatmens. with the increase in sample size. Hence, we

decided to estimate weights based on the treatment order obtained by MIMIC.

Step 5: Calculating weights

The weights for stage 1 and stage 2 are calculated using the decomposition obtained from the MIMIC
algorithm. The stabilized weights are calculated using Equation 3.4. An additive logistic regression
model is fit to obtain predicted probabilities for every treatment. Figures 3.10, 3.11 show the weights
obtained for stages 1 and 2. Weights were also obtained using the average factorization approach.
The computational time to obtain average probabilities for all possible factorizations in a single stage
was approximately 2.5 days on an Intel i7 processor with 12 gigabytes of RAM as compared to MIMIC

which took several seconds.

It can be seen that the joint weights using the IPTW framework are lower in stage 1 than in stage 2.
This is expected since more confounding is induced in stage 2 than stage 1. Moreover, the stabilized
weights in stage 2 are a product of the weights in stage 1 and in stage 2. Thus, it is expected that some
patients will have higher weights than others. Truncation is not used in this case since the weights
seem reasonable and the current model helps identify some rare patient cases where the weights are
high. For example, patient number 50 has a lower weight of 8 in stage 1; however, in stage 2, the

patient is assigned a higher weight, approximately 70. This means that the probability of assigning the
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GreedyMax

Stage Joint probability of treatments
P(ProcGrl-1, ProcGr12_1, ProcGr13_1, RxGr2_1, RxGr4_1, RxGr5_1, RxGr6_1, RxGr9-1, RxGr10-1| X) = P(RxGr2-1|X)
Stage 1 P(RxGr9_-1|X) P(RxGr5_1|RxGr2_1, X) P(ProcGr12_1|X) P(ProcGr1-1|RxGr2_1, X) P(RxGr4_1|RxGr2_1, RxGr5-1, RxGr9_1,X)
P(ProcGr13_1|X) P(RxGr6-1|ProcGr13_1, X) P(RxGr10-1|RxGr5_1, X)
P(ProcGrl-2,ProcGr12_2,ProcGr13_2,RxGr2_2,RxGr4_2,RxGr5-2,RxGr6_2,RxGr9_2,RxGr10-2|X) = P(RxGr4_2|X)
Stage 2 P(ProcGr122|X) P(RxGr2-2|RxGr4_2,X) P(RxGr9-2|RxGr4-2,X) P(ProcGr1_2|RxGr4_2,RxGr9-2,X) P(RxGr52|X)
P(RxGr62|RxGr4_2,RxGr5_2,RxGr9_2,X) P(ProcGr13_2|RxGr4_2,ProcGr12_2,RxGr5-2,X) P(RxGr10_2|RxGr2_2,RxGr5_2)
GreedyMin
Stage Joint probability of treatments
P(ProcGrl1_1,ProcGr12_1,ProcGr13_1,RxGr2_1,RxGr4_1,RxGr5_1,RxGr6-1,RxGr9_1,RxGr10_1|X) = P(RxGr9_1|X) P(RxGr5_1|X)
Stage 1 P(RxGr2_1|RxGr5.1,X) P(RxGr4_1| RxGr2_1,RxGr5_1,RxGr9_1,X) P(ProcGr12_1|X) P(ProcGrl_1|RxGr2_1,X) P(ProcGr13_1|X)
P(RxGr6_1| ProcGr13_1,X) P(RxGr10_1|RxGr5_1,X)
P(ProcGrl1_2,ProcGr12_2,ProcGr13_2,RxGr2_2,RxGr4_2,RxGr5_2,RxGr6-2,RxGr9_2,RxGr10-2|X) = P(ProcGr12_2|X)
Stage 2 P(RxGr22|X) P(RxGr4_2|RxGr2_2,X) P(RxGr9_2|RxGr4_2,X) P(ProcGr1_2|RxGr4_2,RxGr92,X) P(RxGr52|X)
P(RxGr6_2|RxGr4_2,RxGr5_2,RxGr9_2,X) P(RxGr10_2|RxGr2_2,RxGr5_2) P(ProcGr13_2|RxGr4_2,ProcGr12_2,RxGr5_2,X)
MIMIC
Stage Joint probability of treatments
P(ProcGrl1_1,ProcGr12_1,ProcGr13_1,RxGr2_1,RxGr4_1,RxGr5_1,RxGr6_1,RxGr9_1,RxGr10_1 |X) =P(RxGr6_1 \X)
Stage 1 P(RxGr10_1|X) P(ProcGr12_1|X) P(RxGr9._1|X) P(RxGr5_1|X) P(RxGr4_1|RxGr5_1,RxGr9_1,X) P(ProcGr13_1| RxGr6_1,X)
P(ProcGrl_1|X) P(RxGr2_1|ProcGrl_1,RxGr4_1,RxGr5_1X)
P(ProcGrll,ProcGrl22,Pr0cGr132,RxGr2,2,RxGr4,2,RxGrS,2,RxGr()l,RxGr9,2,RxGr1OJ|X) = P(RxGr6,2\X)
P(RxGr9_2|RxGr6.2,X) P(ProcGrl 2|RxGr6_2,RxGr9_2,X) P(ProcGr13_2|X) P(RxGr5_2|ProcGr13_2,RxGr6_2,X)
Stage 2

P(ProcGr12.2|ProcGr13-2,X) P(RxGr4_2|ProcGr13_2,ProcGr1 2,RxGr6_2,RxGr9_2,X) P(RxGr2_2|RxGr4-2,X)

P(RxGr10-2|RxGr22,RxGr52,X)

Table 3.10: List of grouped treatments and patient variables
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treatment regime when the patient was in stage 2 given the patient's previous treatment assignment,
physical characteristics and the patient's response to the previous treatment is low. This tells us that
these types of patients are rare cases in the study and need to be further investigated. Thus, this
method not only helps us to mitigate time varying confounding by assisting in estimation of causal
treatment effects, but also helps identify some rare patient cases in the study. This could prove to be
a useful piece of information for physicians and also critical input to the subsequent optimization step

in the larger McDermott adaptive interdisciplinary pain management project (refer to Figure X3.3).

Step 6: Rebuild models

The final step involves rebuilding weighted models and comparing their performance against the un-
weighted models. The weighted models, similar to unweighted ones, have an additive linear model
form and are built for both stage 1 and stage 2. Since the true parameter estimates are unknown,
the method of comparison used in for case study is by comparing their standard errors. Figures 3.12,

3.13 compares the standard errors of treatments in stages 1 and 2.

It can be seen from the figures that the standard errors of the treatments are consistently lower in all
but one treatment in stage 1 and for all the treatments in stage 2. It can be concluded that the gener-
alized IPTW framework successfully mitigates time varying confounding in a two-stage observational
study when the treatments are correlated. Under correlation it also stresses the importance of prop-
erly estimating the joint probabilities of treatments. Figures 3.14 and 3.15 compare the results of this
study for all the variables with an initial study performed on McDermott adaptive interdisciplinary pain
management data using an average factorization approach. It can be seen that the standard errors
are higher in magnitude for the average factorization approach with standard errors higher for some
variables for the weighted case than the unweighted. However, with the MIMIC approach not only are
the standard errors reduced in magnitude, but also most of the variables in the weighted models have
lower standard errors than their unweighted counterparts. This demonstrates the value of properly

estimating joint probabilities of treatments.
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3.6 Discussion and Future Work

This paper demonstrates the application of a generalized IPTW framework to address time varying
confounding in an adaptive interdisciplinary pain management case study. The longitudinal and obser-
vational nature of the problem created confounding effects of treatments on patient's pain outcome,
which create biased estimates. Earlier work has shown its implementation on multiple treatments
under the assumption of independence. This paper discusses modifications to the framework for
correlated treatments. This paper discussed approaches to estimate joint probabilities of treatments,
namely GreedyMin, GreedyMax and MIMIC. All three show promising results, and are computation-
ally efficient. The emphasis on the correct ordering in the chain rule of the joint probability calculation
is demonstrated using a simulation study. pain management case study uses the generalized IPTW

framework to successfully address the time varying confounding.

Although this approach shows promising results, additional work is currently underway to develop
state transition and outcome models where the patients state variables are independent of each other.
A correlation plot of the covariates showed small to mild correlation between some of the variables.
With higher correlation, this could cause severe mulitcollinearity issues which might produces ineffi-
cient parameter estimates. Moreover, with increase in the number of variables and stages the size
of the feature space becomes very large thus motivating to move towards a parsimonious model,
especially if higher order interactions are included. However parsimony can inadvertently induce un-
measured confounder effect and thus more work is needed to develop these models. In some cases
the treatment variables are highly imbalanced. The logistic regression models can produce biased
results towards the majority class. This problem us different from the data separation and thus vari-
ous sampling methods such as up-sampling, down-sampling or even synthetic minority oversampling
SMOTE technique could be used to obtain balanced class. A tree based approach could also be used

to handle the large feature space with correlated variables.
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Outcome Model Comparison- MIMIC
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Chapter 4

Conclusion and Future Work

Chapter 2, through a framework of simulation studies, demonstrates how to mitigate time varying con-
founding in observational studies. Under the assumption of unmeasured confounders, a generalized
IPTW process is developed and implemented to address time varying confounding with multiple treat-
ments. In case of independent treatments, this approach is straightforward since the joint probabilities
of treatments can be decomposed as the product of their marginals, conditioned on the covariates.
This is demonstrated using an example with three binary treatments. Correlated treatments are es-
timated by decomposing them using the chain rule of probability. The conditional joint probabilities
can be decomposed using multiple orderings and, thus, without knowledge of the true ordering, these
joint probabilities are estimated by averaging across factorizations using all the possible orderings.
However, the number of possible factorizations increases with the number of treatments. This is

demonstrated using three examples.

The above mentioned factorization approach fails under correlated example 2 because of high corre-
lations between treatments that lead to data separation. This problem is addressed in chapter 3, in
which the application of the generalized IPTW process successfully addresses time varying confound-
ing for an interdisciplinary adaptive pain management program. This paper discusses alternatives to
the factorization approach to estimate the joint probability for IPTW. These approaches are more
catered towards solving real world problems and take into account the component of uncertainty.

The methods, namely GreedyMin, GreedyMax and MIMIC, not only show promising results, but are
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also computationally efficient, especially compared to the factorization approach. The emphasis on
the correct ordering of the chain rule for the joint probability of treatment is demonstrated using a

simulation study.

Although the generalized IPTW process, in particular, using MIMIC, shows promising results, addi-
tional work is currently underway to develop state transition and outcome models . A correlation plot
of the covariates showed small to mild correlation between some of the variables for the pain manage-
ment case study. With higher correlation, this could cause severe mulitcollinearity issues that might
cause data separation. Moreover, an increase in the numbers of variables and stages generates a
very large feature space, especially if higher order interactions are included. This motivates a desire
for a parsimonious model. However, parsimony can inadvertently induce unmeasured confounder

effects, and, thus, more work is needed to develop these models.

In some cases the treatment variables are highly imbalanced. The logistic regression models can
produce biased results towards the majority class. Possible approaches to mitigate this include vari-
ous sampling methods, such as up-sampling, down-sampling or the synthetic minority oversampling
SMOTE technique. A tree based approach could also be used to handle the large feature space with

correlated variables.
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