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Abstract

The need for subgroup analysis in clinical trials in various contexts is increasing and data-

driven approaches for subgroup identification based on statistical principles are desired.

Among all subgroup identification methods, we focus on the treatment effect models that

estimate the treatment contrast, since these models are intuitive and useful to interpretation.

We evaluate and address the consequences of having missing data when using the Interaction

Trees (IT), Qualitative Interaction Trees (QUINT) and Subgroup Identification based on

Differential Effect Search (SIDES) methods. Simulation studies are used to demonstrate the

accuracy of variable selection and bias in treatment effects when using complete, incomplete

and imputed data across various scenarios when the sample size, proportion of missingness

and imputation methods differ. We also applied these methods to a non-small cell lung

cancer (NSCLC) dataset obtained from a retrospective study. Our results indicate that

both IT and QUINT methods work equivalently well in most situations, while the SIDES

results are, in general, less comparable due to the different mechanisms of the methods. The

treatment effect models should be chosen based on the objective of the study, the sample

size, the number of variables containing missing data, and the data structure. In terms of

the methods for addressing missing data, an assumption of the data structure needs to be

made during the method selection. MissForest is an excellent choice for a dataset with a

tree-based structure, while MI methods would be a good fit for the other situations.
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Chapter 1

Introduction

Subgroup analysis is a type of method developed to identify and confirm subgroups where

a treatment is effective (Ondra et al., 2016). The increased need for subgroup analysis in

randomized clinical trials (RCTs) in various contexts has been mentioned in many studies

(Brookes et al., 2001; Rothwell, 2005; Mayer et al., 2015; Lipkovich et al., 2017). RCTs are

one type of well-developed study in medical research, and they are considered to be the gold

standard in assessing the safety and efficacy of medical interventions (Yusuf et al., 1984;

Collins, 1996). Given the fact that most clinical trials are conducted at multi-centres and

are time-consuming, they require a great amount of effort and resources. Because of the

major investment involved in these studies, investigators normally attempt to extract more

information from a successful clinical trial or sometimes try to save a failed trial. The best

information we can gain from these studies is to identify patients who are more prone to

benefit from the treatments than others. Patients in clinical trials vary in their background

characteristics, such as demographic factors, genetic makeup, disease severity and status,

which may affect their responses to certain treatments. Studies show that many patients

do not respond to even commonly used treatments as their doctors expected (Ruberg and

Shen, 2015). It is important to select the right treatment for the right groups of patients by

evaluating the differences in treatment effect among subgroups, and this information provides
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important evidence for personalized medicine (Goldberger and Buxton, 2013; Lipkovich et al.,

2017). Thus, subgroup identification approaches based on statistical principles are desired

(Pocock et al., 2002; Rothwell, 2005; Mayer et al., 2015; Lipkovich et al., 2017).

The main objective of subgroup analysis is to identify heterogeneity in treatment effect

(Alosh et al., 2017; Lipkovich et al., 2017). Under the personalized medicine frameworks, the

subgroup analysis procedures can be developed in two ways: (1) identify the right patient

for a certain treatment; and (2) identify the right treatment for a particular patient, which

is also referred as the tailored therapeutics (Ruberg and Shen, 2015; Lipkovich et al., 2017).

The first approach aims to identify the magnitude in the differential treatment effect, while

the second approach focuses on the direction of the treatment difference (Lipkovich et al.,

2017). In this process, different studies need different types of subgroup analysis approaches

for their methodology. Detailed information is provided in the following sections on these

methods.

1.1 Heterogeneity in Treatment Effect

Subgroup analysis is a method evaluating the treatment effect in subgroups of patients and

focuses on identifying predictive markers (Wang et al., 2007). A predictive marker is a

clinical or biologic characteristic that provides information on the outcome of interest, under

the effect of a particular treatment (Rothwell, 2005; Italiano, 2011). In contrast to predictive

markers, a prognostic marker is a factor that provides information on the event of interest in

the absence of any treatment. Prognostic markers can be used to adjust a relative treatment

effect to a absolute scale and provide further information on new interventions (Hemingway

et al., 2013; Riley et al., 2013). While both are important in clinical trials, predictive markers

are commonly of interest in subgroup analysis to estimate the treatment differences among

subgroups.

One challenge in identifying predictive markers is to successfully investigate the hetero-
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geneity of treatment effects across subgroups. Heterogeneity can be classified as quantitative

and qualitative treatment effects (Wang et al., 2007). Quantitative treatment effects are

those where the treatment effects vary in magnitude by subgroups, but always in the same

direction. In other words, one treatment is always better than another one, while qualitative

treatment effects represent those where the directions of the treatment effect are different

across subgroups. For example, in the first subgroup, the experimental treatment is better

than the control treatment, while in the second subgroup, the control treatment is better

than the experimental one.

The best known statistical method for detecting the heterogeneity of treatment effects

across subgroups is testing for treatment-covariate interactions (Wang et al., 2007). A com-

mon mistake in evaluating the treatment effect is considering the heterogeneity in patients as

the heterogeneity in treatment effect (Wang et al., 2007). Either a crossover clinical trails de-

sign or a evaluation of treatment-covariate interactions can be used to address the problem.

Consider a dataset which is obtained from a non-crossover study, testing for treatment-

covariate interactions will be the first option to detect the heterogeneity of treatment effects.

Furthermore, testing for a quantitative interaction in a two-arm study is relatively easy, since

a standard method not only leads to a conclusion about the existence of an interaction, but

also provides information related to the direction. However, a statistically significant result

for a qualitative interaction is not sufficient enough to determine which group receives a

greater effect from the experimental treatment and which group benefits more from the con-

trol treatment (Alosh et al., 2015). Further testing is needed and the treatment effects within

subgroups should be reported. Successfully identifying qualitative interactions might be vital

for salvaging a new potentially effective treatment from a clinical trial with a non-significant

primary outcome (Alemayehu et al., 2017).
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1.2 Classification of Subgroup Analysis Studies

By evaluating a differential treatment effect, we are able to give strong evidence to confirm

the presence of subgroups or to develop personalized medicine. Based on the different con-

texts and objects of subgroup analysis, Mayer et al. (2015) classified them into four types

of studies: confirmatory subgroup analysis, exploratory subgroup analysis, post hoc and

subgroup discovery.

We can consider confirmatory subgroup analysis as one type of hypothesis testing. It

aims at evaluating a small number of pre-defined subgroups which are identified in the earlier

stage of studies. In contrast, exploratory subgroup analysis is more related to the idea of

hypothesis generation or enrichment strategies (Mayer et al., 2015; Lipkovich et al., 2017).

This analysis strategy is normally specified at the protocol development stage and is used

to assess subgroups by considering the treatment-covariate interactions. Post hoc subgroup

evaluation is performed to address situations or issues that arise after the main studies

results are available, such as safety issues, post-marketing activities, and heterogeneity in

multi-regional studies. Subgroup discovery study employs data mining and machine learning

techniques to investigate a large pool of candidate subgroups and provide useful information

for future trials (Mayer et al., 2015; Lipkovich et al., 2017).

1.3 Data-driven Approaches

All three types of subgroup analysis, except for the confirmatory one, require data-driven

elements for their statistical methodology (Lipkovich et al., 2017). In contrast to data-driven

approaches, traditional guideline-driven methods require criteria such as a priori specification

of the subgroups and the subgroup effects, consistency of the subgroup effect across outcomes,

and pre-specification of the directions of subgroup effects (Sun et al., 2010). Some of these

criteria run counter to the very spirit of the subgroup identification and may lead to the

insufficient use of data. Lipkovich et al. (2017) believe that data-driven approaches, as a
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special case of model selection, can obtain more information from the data compared to the

guideline-driven methods.

Data-driven approaches address the uncertainty related to the subgroup specification.

As a methodology developed from machine/statistical learning techniques, data-driven ap-

proaches can identify a small number of subgroups from a large pool of candidate sub-

groups without any pre-specification requirement (Lipkovich et al., 2017). Similar to gen-

eral machine learning techniques, data-driven approaches can be either generated from the

regression-based methods or from other arbitrary methods such as the tree-based methods.

On account of their intuitive algorithm, tree-based methods normally lead to an objective

and easily interpretable result.

Setting aside all the advantages, data-driven approaches also share some common re-

strictions with guideline-driven approaches, such as multiplicity, data over-fitting, and selec-

tion bias (Lipkovich et al., 2017). Fortunately, different types of methods are available for

addressing those problems. We can apply re-sampling methods (e.g. bootstrap and cross-

validation) to adjust for multiplicity. Complexity controlling methods, such as pruning, can

be applied to prevent over-fitting the data. Selection bias is a major concern in data-driven

approaches. Because different covariates have different numbers of possible splits, covariates

with larger numbers of possible splits will have more chance to be chosen compared to the

ones with smaller numbers of possible splits (Lipkovich et al., 2017). There are also methods

for handling selection bias. For example, Generalized Unbiased Interaction Detection and

Estimation (GUIDE) selects the best covariates using a simple test statistic to adjust for the

possible cutoffs of the predictor values (Loh, 2002).

Given the irresistible benefits and solvable limitations, data-driven approaches play an

important part in subgroup analysis, especially for studies such as exploratory subgroup

analysis, post hoc and subgroup discovery. Our study focuses on three tree-based data-driven

methods, which are the Interaction Trees (IT), Qualitative Interaction Trees (QUINT) and

Subgroup Identification based on Differential Effect Search (SIDES), which will be introduced
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in details in Chapter 3.

1.4 Scope of this Thesis

In this thesis, we evaluate and address the consequences of having missing data when us-

ing the IT, QUINT and SIDES methods. All three methods are tree-based partitioning

approaches that evaluate treatment-covariate interactions.

The remainder of this thesis is structured as follows: Chapter 2 provides detailed in-

formation on subgroup analysis models, tree-based partitioning methods and missing data

patterns/mechanisms. Chapter 3 introduces the IT, QUINT, SIDES and the methods we

used to address the missing data. The design and results of the simulation study are intro-

duced in Chapter 4. Chapter 5 introduces the real data application of our methods. The

final chapter summarizes our work and also formulates some future works.
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Chapter 2

Background

In this chapter, we introduce the general setting of subgroup analysis methods, algorithms

of tree-based methods, and properties of missing data. In the previous chapter, we men-

tioned that most subgroup analysis studies require data-driven elements in their statistical

methodologies, and tree-based methods are one of the most intuitive and objective data-

driven methods. Most of these tree-based approaches introduce some ad-hoc methods to

address missing data. Given the importance of handling missing data in real-life applica-

tions, we evaluated the performance of these tree-based approaches when applying their

default methods and other data completion methods to address missing values.

2.1 Subgroup Analysis Methods

Based on the Mayer et al. (2015) definition of subgroup analysis studies, data-driven ap-

proaches are essential for three types of studies: exploratory subgroup analysis, post hoc and

biomarker discovery. Lipkovich et al. (2017) categorized the data-driven subgroup evaluation

methods as global outcome modeling, global treatment effect modeling, optimal treatment

regimes and local modeling methods. Among these four classifications, global outcome mod-

eling methods evaluate the underlying outcome function, while the global treatment effect

models estimate the treatment contrast. Optimal treatment regimes are a special case of

7



global treatment effect modeling, which aim at identifying the right treatment for a set of

patient’s covariates. Local modeling methods deal with the direct search of subgroups who

have a better treatment benefit.

2.1.1 Two Categories of Subgroup Analysis Models

According to the classifications defined by Lipkovich et al. (2017), we recategorize the data-

driven subgroup evaluation methods into two groups: treatment effect modeling methods

and outcome modeling methods. While the four classifications might have advantages by

comprehensively considering the methodology and detailed differences in concepts among

all methods, we are mainly focusing on the statistical principles. Thus, we opt to use the

two large categories for convenience. We combine the global treatment effect modeling,

optimal treatment regimes and local modeling methods into one group: the treatment effect

methods, since their boundaries are blurry and there is some overlap in their underlying

statistical methodologies.

For the treatment effect methods, what we aim to obtain is subgroups with maximum

heterogeneity in their treatment effects. These methods focus on evaluating the treatment

contrast z(X) instead of the outcome function f(X, T ), where X and T represent the vectors

of covariates and treatments respectively. Optimal treatment regimes, which emphasize

identifying the best treatment for a given patient, are a special case of global treatment

effect modeling (Lipkovich and Dmitrienko, 2014a). It is reasonable to categorize the optimal

treatment regimes into our treatment effect methods for simplification. Local modeling

methods are approaches searching for subgroups with a better treatment benefit, in other

words, subgroups with a higher value of z(X) (Lipkovich et al., 2017). The main difference

between the global treatment effect models and the local modeling methods is their searching

scale. The global treatment effect models tend to discover several subgroups while the local

modeling methods aim at identifying one unique subgroup. Without regard to the searching

scale, both models belong to the treatment effect methods.

8



The outcome modeling methods evaluate the outcome function f(X, T ). This implies

that if there are a set of observed covariates, the expected outcome Ŷ can be estimated by

fitting the covariates to the model obtained from these approaches. These types of methods

are well-developed in statistics and have been applied in different fields. The following section

shows the general setting of the treatment effect and the outcome modeling methods.

2.1.2 General Setting

In a two-arm clinical trial setting, we define Y as the outcome variable and yi as the re-

sponse for the ith patient (i = 1, 2, . . . , n). Similarly, X is the vectors of covariates and let

{xi1, . . . , xip} denote a vector of observed biomarkers for the ith patient. Let T denote the

treatment assignment and let ti be the treatment for ith patient, where ti=0 for the control

treatment group and ti=1 for the experimental treatment group. Lipkovich et al. (2017)

defined the expected response of a patient and the treatment contrast at the patient’s level

as f(X, T ) = E(Y |X, T ) and z(X), respectively. The relationship between the f(X, T )

and z(X) is shown as follows. The general formula of z(X) is defined in Lipkovich et al.

(2017) as:

z(X) = h (f(X, 1), f(X, 0)) ,

where h(x) is a monotone function. If the outcome is a continuous variable, then z(X) is

equal to:

z(X) = f(X, 1)− f(X, 0),

which leads to f(X, T ) = f(X, 0) + z(X)T . In general, the outcome function is modelled

as:

f(X, T ) = h (`(X) + g(z(X)T )) ,

where `(X) is a baseline function and g(x) is a monotone function (Xu et al., 2015).

Based on this representation, it is easy to understand the difference and the relation-

ship between the outcome modeling methods and treatment effect modeling methods we
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employed in this thesis. Moreover, the last formula also shows the relationship between the

prognostic markers and the predictive markers that we described in the first chapter. The

prognostic markers only contribute to the baseline effect `(X), while the predictive markers

can also contribute to the treatment contrast z(X) in the treatment-covariate interaction

term (Lipkovich et al., 2017).

From these two categories, we will use the treatment effect models to assess the predictive

effect as it provides information about a therapeutic intervention. The choice of treatment

effect methods can be either based on a regression framework or a tree structure. Regression-

based approaches are normally based on fitting a penalized regression model, such as the

outcome-weighted learning (OWL) method and the regularized outcome weighted subgroup

identification (ROWSi) (Zhao et al., 2012; Xu et al., 2015). Tree-based approaches, however,

are more arbitrary, dividing the population into subgroups without any parameter estima-

tion. All three methods we introduce in this thesis are tree-based treatment effect models

(Su et al., 2009; Lipkovich et al., 2011; Dusseldorp and Van Mechelen, 2014). The following

section introduces the general algorithms of the tree-based methods.

2.2 Tree-based Partitioning Methods

Tree-based partitioning methods are nonparametric machine learning approaches which have

been widely used in many scientific and commercial areas (Strobl et al., 2009; Loh, 2011).

The most well-known tree-based partitioning method is the classification and regression trees

(CART) proposed by Breiman et al. (1984). Many new methods have been developed based

on the idea of CART (Zhang and Singer, 2010). In this section, we introduce the general

setting of most tree-based partitioning methods, instead of focusing on any particular one.
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2.2.1 Terminology

Figure 2.1 shows a simple tree structure with three layers: a root node, internal nodes, and

terminal nodes. A root node is the top node, and there must be only one root node in any

tree. An internal node is the one with at least one branch. Hence, the root node can also

be considered as an internal node (Zhang and Singer, 2010). The leaves of a tree are called

as terminal nodes. In a tree structure, a node that has branches from it is also called as a

parent node, while the branch is called as a child node. The aim of a tree-based method is

to obtain relatively homogeneous terminal nodes (Zhang and Singer, 2010). The algorithms

adopted to fulfill the goal are covered in following sections.

Figure 2.1: A Simple Tree Structure

2.2.2 Splitting Algorithm

Classification and regression trees share the same underlying concept, which is dividing the

predictor space into J distinct and non-overlapping regions (or nodes) (1, 2, . . . , J). For

a binary split, the best split is the one that results in two nodes which are homogeneous

in themselves and heterogeneous between each other. Therefore, we need to measure the

node impurity to ensure the homogeneity of each node (Zhang and Singer, 2010). There

are different measurements for node impurity, depending on the properties of the outcome

variables for the classification and regression trees.
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For regression trees, the residual sum of squares (RSS) is adopted to estimate the impu-

rity. The RSS is defined as (James et al., 2013):

RSS =
J∑
j=1

∑
i∈j

(yi − ŷj)2,

where ŷj is the average of yi in node j. At each split, we choose the best combination of

the splitting variable and the cutpoint with the smallest within-node variance. Once a split

is finalized, the process moves down to the second level and successive splits by minimizing

the RSS. The algorithm is repeated until a stopping criterion, such as reaching a pre-set

minimum number of observations for each terminal node, is met.

For classification trees, we consider a subgroup to be pure if there is only one single class.

The possibility for a subgroup to contain more than one class is measured by the impurity

function. Common choices of the impurity function for a classification tree is one of the

following: the misclassification error rate, Gini index and entropy (James et al., 2013). Since

the category with the largest proportion of observations is denoted as the true classification

for a subgroup, the misclassification error rate for k classes is defined as:

E = 1−maxk(p̂jk),

where p̂jk represents the proportion of observations in the jth node that are from the kth

class. The Gini index is a measure of total variance across the classes. It takes into account

of both the probabilities that an observation is categorized correctly (p̂jk) and incorrectly

(1− p̂jk). The definition of Gini index is shown as follows:

G =
K∑
k=1

p̂jk(1− p̂jk).

Entropy is measuring the mean information content of a certain event x. The information

content for x is defined as I(x) = − log(p(x)), where p(x) denotes the probability of occurring.
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The higher the value of p, the less information content we obtain. As the expectation of the

information content, entropy is defined as:

D = −
K∑
k=1

p̂jk log p̂jk.

Entropy for any pure subgroup is equal to zero, since p̂jk is 1 and log p̂jk is 0. For any

subgroup where all classes have equal probabilities, entropy reaches its highest value.

All impurity functions share similar properties: they achieve a minimum value when p̂jk

is 1 while achieving a maximum value when the probabilities of all classes are equal, and

are symmetric with regard to their permutations. However, the misclassification error rate

is rarely used due to its insensitivity to the variance involved with tree-growing. The other

two impurity functions are preferred in practice and their numerical results are generally

quite similar (Zhang and Singer, 2010; James et al., 2013). Similar to the regression trees,

the classification trees choose the split with the smallest value of the impurity function at

each step, and repeat this algorithm successively from the root node to the terminal node.

After applying such a top-down splitting algorithm, over-fitting is a challenging problem

that needs to be addressed. Instead of introducing a stopping rule, the widely accepted

solution for over-fitting in tree-based methods is to grow a large tree first, and then prune it

back to a smaller size. The following section covers the algorithm in the pruning step.

2.2.3 Pruning Algorithm

The problem for a large tree is this: it might perform well with the original data, but is

normally accompanied by large testing error when applied to a new dataset. The purpose

of pruning is to achieve a balance between the number of splits and the testing error by

finalizing a smaller subtree. In order to end up with the best subtree, we apply a cost-

complexity function in the pruning procedure. First, we need to define the tree cost, R(T ),

which is evaluating the overall misclassification error for all terminal nodes. Similar to the
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splitting algorithm, the tree cost is equal to the residual sum of squares of all terminal nodes

for the regression tree, and is commonly derived from the misclassification error for the

classification trees (Zhang and Singer, 2010; James et al., 2013). Two tree costs are defined

as follows:

For the regression tree:

R(T ) =

|T̃ |∑
m=1

∑
i∈m

(yi − ŷm)2,

where |T̃ | is the number of terminal nodes of the tree T and ŷm is the average of yi in the

terminal node m. For the classification tree:

R(T ) =

|T̃ |∑
m=1

[
n(m)

n
(1−maxk(p̂mk))

]
,

where n(m) is the number of observations in terminal node m and n is the total number

of the observations. p̂mk represents the proportion of observations in the mth terminal node

that are from the kth class.

One issue arising from using the tree cost to split the tree is that child nodes always

have a smaller tree cost compared to the parent node, so it tends to bias toward a bigger

tree. In order to prevent the tree from being over-fit, a penalty function is applied to make

a trade-off between the tree size and the tree cost. The tree cost-complexity is defined as:

Rα(T ) = R(T ) + α|T̃ |,

where α (α ≥ 0) is the tuning parameter controlling the tree’s complexity (Zhang and Singer,

2010). For any internal node, T , we cut all its offspring nodes when the cost-complexity of

the internal node is smaller than that of the offspring terminal nodes, Tt. This procedure is

also known as the weakest link pruning, and is defined as:

R(T ) + α ≤ R(Tt) + α|T̃t|.
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By calculating the R(T ) and R(Tt), we can obtain the value of α for each internal node,

which is:

α =
R(T )−R(Tt)

|T̃t| − 1
.

The smallest α is the first threshold parameter. If we have k thresholds and let α0 = 0, then

for each 0 < α1 < α2 < · · · < αk, the corresponding subtrees will be Tα0 ⊃ Tα1 ⊃ Tα2 ⊃

· · · ⊃ Tαk
(Zhang and Singer, 2010). Normally, we use K-fold cross-validation to estimate

the prediction error and then choose the best α with the smallest average error. The basic

idea of K-fold cross-validation is that we randomly divide the dataset into K similar sized

groups, and use the first group as a validation set and the remaining K − 1 groups as a

model-fitting set. Breiman et al. (1984) also proposed a revised version of cross-validation

for selecting the final subtree which is called the 1 standard error (1-SE) rule. Based on the

1-SE rule, we select the smallest subtree whose cross-validation estimate is within the one

unit SE range of the α with the smallest average error.

Based on the algorithms of the tree-based partitioning methods, we introduce three new

tree-based treatment effect methods in the next chapter, and also compare the model per-

formance of these models when missing data is presented. The next section sheds some light

on the properties of missing data.

2.3 Missing Data

In real-life studies, information is frequently lost due to several reasons. For example, par-

ticipants in a cohort study may drop out of the study and there is no way to follow up

on them. Lab results might be missing due to equipment errors. Regardless of the reason,

missing data poses difficulties for data analysis and the lack of information may lead to

incorrect conclusions. An incorrect conclusion drawn from a clinical study may result in an

inappropriate treatment strategy and endanger a patient’s life. Therefore, it is important to

develop methods to deal with missing data. Before setting out to address the problem, it is
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worth spending time to understand the missing mechanisms and missing data patterns.

2.3.1 Missing Mechanisms

There are three mechanisms behind missing data, which are missing at random (MAR),

missing completely at random (MCAR), and missing not at random (MNAR). For a data

matrix X with two parts: the observed part (Xobs) and the missing part (Xmis), Little

and Rubin (2014) defined MCAR as a condition in which the missingness does not depend

on either the observed values, Xobs, or the missing values, Xmis. MAR is an assumption

less restrictive than MCAR. It assumes that the missingness depends on the observed val-

ues, rather than the missing ones (Little and Rubin, 2014). The MNAR occurs when the

missingness depends on the missing value itself, which makes it impossible to estimate.

MAR is the most common case in the real-life data, and there are many methods to ad-

dress missing data, such as Multiple Imputation (MI), Full Information Maximum-Likelihood

(FIML) and Expectation-Maximization (EM) algorithm. These methods are applicable un-

der the MAR (together with MCAR) condition (Dong and Peng, 2013). Detailed information

about MI and other imputation methods are covered in the next chapter.

2.3.2 Missing Data Patterns

Missing data patterns consider both the values that are observed and those that are missing.

There are three types of missing patterns: univariate, monotone and arbitrary. If the same

subjects have missing values on one or more of the variables, the missingness of that dataset

is considered as a univariate missing pattern. The monotone missing pattern normally

happens in longitudinal studies. For example, for a subject i at time j, when Xij is missing,

the following Xi,j+1, Xi,j+2, . . . , XiK will be missing too (j = 1, . . . , K) (Dong and Peng,

2013). The arbitrary missing data pattern assumes that the missing data occurs at any unit

randomly. It is relatively easy to handle the univariate and the monotone missing pattern,

compared to the arbitrary missing pattern. In our study, we assume that the missing data
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follows the univariate missing pattern.
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Chapter 3

Methods

In this thesis, we evaluate and address the consequences of having missing data when using

three treatment effect models: Interaction Trees (IT), Qualitative Interaction Trees (QUINT)

and Subgroup Identification based on Differential Effect Search (SIDES). In this chapter, we

introduce detailed information on these three models, and the methods that are applied to

handle missing data.

3.1 Interaction Trees

Su et al. (2009) proposed a data-driven and automated partitioning procedure to identify the

heterogeneity of the treatment effect among subgroups. The IT method is derived from the

CART algorithm and shares similar splitting and pruning algorithms. This method consists

of the following three fundamental steps: (1) growing a large tree; (2) pruning the tree back

to a relatively smaller size; and (3) determining the best subtree.

3.1.1 Growing a Large Tree

For the IT method, the splitting criterion not only aims to generate pure nodes, but also

maximizes the heterogeneity in treatment effect between two child nodes. Su et al. (2009)
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proposed a simple t test to evaluate the heterogeneity. For each binary split, the test statistic

is defined as:

t(s) =
(ȳleft,T=1 − ȳleft,T=0)− (ȳright,T=1 − ȳright,T=0)

σ̂ ·
√

1/n1 + 1/n2 + 1/n3 + 1/n4

,

where ȳ and n are the sample means and the sample sizes, corresponding to each treatment

group and child node. σ̂ is the pooled estimate of the total sample variance.

The test for heterogeneity is equivalent to the t-test for testing H0 : β3 = 0 vs. Ha : β3 6= 0

in the following regression model:

y = β0 + β1 · T + β2 · Z + β3 · T · Z + ε,

where Z is the binary indicator variable used to split covariate X. If X is a continuous

variable, Z = 1{X ≤ c} with a splitting point c, while if X is a categorical variable,

Z = 1{X ∈ c} where c is a subset of X. T is the treatment variable and T · Z is the

interaction term between the treatment and the indicator variable, Z.

After testing all the possible splits, the best split s∗ is the one with the largest interaction

effect. In order to control the direction of the t statistics in the comparisons, the IT method

uses the G statistic to compare the interaction effect instead of using the t statistics directly.

The G statistic is defined as:

G(s) = t2(s),

which follows a χ2
1 distribution. We choose the best split s∗ based on:

G(s∗) = max G(s).

The splitting process stops when one of the following stopping rules is met: the pre-

set minimum node size, the pre-specified maximum level of a tree, or the pre-set minimum

number of observations for the child nodes (Su et al., 2009). For survival data, Negassa et al.

(2005) and Su et al. (2008) proposed using the partial likelihood ratio test (PLRT) to assess
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the interaction effect between subgroups. Detailed information can be found in these papers

(Negassa et al., 2005; Su et al., 2008). No matter what kind of splitting algorithm is applied,

once this process stops, we need a pruning algorithm to control the tree complexity.

3.1.2 Pruning the Tree

The pruning step aims to truncate the weakest node and then continuous to the next weakest

node. At this step, the IT method adopts the split-complexity pruning algorithm proposed

by LeBlanc and Crowley (1993). The difference between the general decision tree and the

IT method is that instead of using the tree cost in the complexity function, the IT method

introduces an interaction-complexity measure Gα(T ). That is, for an initial large tree, T ,

with terminal nodes, T̃ , the total number of internal nodes is defined as |T − T̃ |, and G(T ) =∑
h∈(T−T̃ ) G(h) is the sum of the G statistic (measurement of the interaction effect) for all

internal nodes. Su et al. (2009) defined the interaction-complexity as:

Gα(T ) = G(T )− α · |T − T̃ |,

where α is the complexity parameter. By tuning α, we can end up with different tree sizes

and different amounts of interaction effects. The main idea is to achieve the balance between

the interaction effect G(T ) and the tree complexity |T − T̃ |. The choice of the right α helps

us obtain the best subtree and is described in following section.

3.1.3 Determining the Best Subtree

The main idea of determining the best subtree is to maximize Gα, and in the meanwhile to

reduce the tree complexity. From Chapter 2.2.3, we know that for each 0 < α1 < α2 < · · · <

αk, the corresponding subtrees are Tα0 ⊃ Tα1 ⊃ Tα2 ⊃ · · · ⊃ Tαk
(let α0 = 0). In order to

finalize the best subtree, Su et al. (2009) suggested two ways to select α: (1) select arbitrary

values from 2 ≤ α ≤ 4, where 2 is obtained from Akaike information criterion (AIC) and
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4 is the approximate critical value for χ2
1 when p is 0.05; or (2) use α = ln(n), which is

derived from the Bayesian information criterion (BIC), where n is the total samples. These

two approaches seem to provide similar results in terms of the tree size in our simulation

study.

After finalizing the subtree, a validation method can be performed to assess the final

tree. If the sample size is large enough, we can draw a subset from the data to assess

the performance of the tree by calculating the predictive error. Otherwise, re-sampling

techniques such as K-fold cross-validation or bootstrapping can be used as a validation

method (LeBlanc and Crowley, 1993; Su et al., 2009). In practice, we normally use K = 5

or K = 10, which take into account a bias-variance trade-off (James et al., 2013).

3.2 Qualitative Interaction Trees

Dusseldorp and Van Mechelen (2014) introduced a sequential partitioning method to identify

qualitative treatment-covariate interactions. Qualitative interaction means that the direc-

tions of treatment effect are different depending on the subgroups. By detecting qualitative

interactions, the goal of the QUINT is to classify the population into three exclusive types

of subgroups: (1) patients for whom the experimental treatment is better than the con-

trol treatment; (2) those for whom the control treatment is better than the experimental

treatment; and (3) a group label that does not have any treatment difference.

3.2.1 Splitting Criterion

The splitting criterion of QUINT contains two parts: the difference in treatment outcome

component and the cardinality component (Dusseldorp and Van Mechelen, 2014). The differ-

ence in treatment outcome component is the weighted average of the difference in treatment
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outcome for all nodes in each subgroup, which can be quantified as:

Dc =

∑L
`=1

[
1(A(`) = c)NR`

α` (−1)c (ȳT=1,` − ȳT=0,`)
]∑L

`=1

[
1(A(`) = c)NR`

] c = 1, 2,

where c represents the two subgroups with the treatment difference. A(`) is an assignment

function that assigns each leaf ` (` = 1, . . . , L) to one of the partition subgroups. L is the

total number of leaves. 1(A(`) = c) is an indicator function testing if the leaf is in subgroup

c. NR`
denotes the sample size in node R` and ȳT is the sample mean of each subgroup

corresponding to the different treatment assignments.

There are two different ways of calculating α`. If we aim at measuring the difference

in means of outcome Y , then α` is simply equal to 1. If the effect size Cohen’s d, the

standardized difference between the two means corresponding to the different treatments, is

evaluated, then α` = 1/s`, with

s` =

√
(nT=0 − 1) s2

T=0,` + (nT=1 − 1) s2
T=1,`

nT=0 + nT=1 − 2
,

where n and s2 are the sample size and the sample variance corresponding to the different

treatments in each subgroup. The choice of these two measurements relies on the scale of

the outcome variable. If the outcome is a scale of values without any well-specified meaning,

the effect size measurement is preferred. Otherwise, the difference in means should be used

as the splitting criterion measurement (Dusseldorp et al., 2016).

The cardinality component is the sum of the number of patients in nodes assigned to

each subgroup, which is defined as:

Nc =
L∑
`=1

[
1(A(`) = c)NR`

]
c = 1, 2 .

In order to maximum both components in practice, the QUINT method defines an overall

partitioning criterion (C) by combining the difference in the treatment outcome component
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and the cardinality component. That is:

C = ω1

[
log(1 +D1) + log(1 +D2)

]
+ ω2

[
log(N1) + log(N2)

]
,

where ω1 and ω2 denote the weights of the two components respectively. D1 and D2 are the

differences in treatment outcome in the first and second subgroup, respectively. N1 and N2

are the cardinality components for the two subgroups. The log scale is used for convenience.

Corresponding, we can easily add up all the components, instead of multiplying them.

We apply the partitioning algorithm to optimize the combination of the splitting point,

the splitting variable and the number of leaves. By calculating the C values for all candidate

nodes, the splitting point and the splitting variable with the highest C value are chosen. The

algorithm stops when one of the following stopping criteria is met: (1) there is no higher

C value for a new split; (2) at the first split, the absolute value of the mean difference in

treatment outcome is smaller than a pre-specified critical minimum value dmin; (3) the pre-

set minimal sample size per treatment condition is reached; or (4) the maximum number of

leaves is exceeded.

3.2.2 Pruning Algorithm

In the pruning process, the bias-corrected bootstrap is applied to assess the performance of

the tree of size T (Dusseldorp and Van Mechelen, 2014). For a T size tree developed at the

splitting step, we can obtain the corresponding global partitioning criterion, CT,total. When

it comes to the bootstrap procedure, a bootstrap sample is drawn and a tree of the same

size T is grown. After calculating the corresponding partitioning criterion, CT,boot, for the

bootstrap sample, we evaluate the performance of the exact bootstrap tree (the same split

variable, split point and subgroup assignment) in the total samples. By using the original

samples to grow an exact same structure tree, partitioning criterion, CT,orig, can be obtained.
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For a fixed size tree, the over-optimism value is defined as:

Ob,T = CT,boot − CT,orig.

The over-optimism value shows the difference in the performance values between the boot-

strap samples and the original samples. Averaging across all the bootstrap samples b (b =

1, . . . , B), we have the average over-optimism value:

ŌT =
1

B

B∑
b=1

Ob,T ,

with a standard error SET =

√∑B
b=1(Ob,T−ŌT )2

B−1
. Subtracting the over-optimism element

from the global partitioning criterion CT,total obtained at the first step, we end up with the

bias-corrected performance value. It is defined as:

Cbc
T = CT,total − ŌT .

After calculating the bias-corrected performance values for all tree sizes, T (T = 1, . . . , T ),

the best subtree is chosen based on 1-SE cross-validation. That is, we first draw a 1-SE range

for the highest bias-corrected performance value by cross-validation. Then, the best subtree

is the smallest tree in that 1-SE range.

3.3 Subgroup Identification based on Differential Ef-

fect Search

Lipkovich et al. (2011) proposed a recursive partitioning method called subgroup identifi-

cation based on differential effect search (SIDES), which aims at identifying subgroups of

subjects with enhanced treatment effect. SIDES directly searches for the subgroup with a
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maximum treatment effect, and assigns the rest as the complementary subgroup (Lipkovich

et al., 2011). Slightly different from the first two methods, the algorithm of SIDES contains

the following three steps: splitting criterion, continuation criterion and selection criterion.

3.3.1 Splitting Criterion

At the beginning of the splitting procedure, we can choose to divide the dataset into one

training set and H − 1 validation sets based on a balanced allocation with respect to the

treatment and the covariates, where H is a pre-specified value (Lipkovich et al., 2011). The

training dataset is used to identify the potential subgroups and the testing dataset is used

to confirm the subgroups.

At the first step, SIDES evaluates all the covariates and their corresponding possible

binary splits by following algorithm. For categorical variables, the splits take into account

the variable types, such as ordinal or nominal variables. The continuous variables are divided

into a pre-defined number of classes. SIDES evaluates the splits based on one of the following

splitting criteria (Lipkovich et al., 2011):

p1 = 2

[
1− φ

(
|ZE1 − ZE2|√

2

)]
,

p2 = 2 min (1− φ(ZE1), 1− φ(ZE2)) ,

p3 = max(p1, p2),

where φ() is the cumulative distribution function of the standard normal distribution. ZE1

and ZE2 represent the Z-test statistics for testing one-sided hypothesis for the treatment

contrast in the two child nodes, respectively. The first criterion tries to maximize the differ-

ential effect between the two child subgroups, and the second one maximizes the treatment

effect in one of the two child subgroups. The third criterion is a combination of the first

two. There is also a fourth criterion evaluating both the efficacy and the safety. The safety

evaluation is performed to search for patients who experience a higher level of adverse effects
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or other safety issues. The fourth criterion aims to achieve a balance between the efficacy

and the safety, and is defined as:

p4 = 2

[
1− φ

(
|ω(ZE1 − ZE2) + (1− ω)(ZS2 − ZS1)|√

2(ω2 + (1− ω)2)

)]
,

where ω is a non-negative weight. ZS1 and ZS2 are testing the one-sided hypothesis for the

safety.

Since different categorical variables have different numbers of possible splits, the variable

with the largest number of possible splits has the highest chance to be chosen. This introduces

a selection bias into the splitting procedure. The multiplicity adjustment based on the S̆idák

test is applied to control the selection bias, and the adjusted pa value is defined as (Lipkovich

et al., 2011):

pa = 1− (1− p)G∗

where G∗ is the effective number of splits taking into account the correlation among the p

values for covariates. G∗ is defined as G∗ = G1−r̄, where G is the actual number of splits and

r̄ is the average correlation among p values from the G(G− 1)/2 potential splits (Lipkovich

et al., 2011).

All pairs of subgroups are ordered from the best to worst in terms of the adjusted pa

values and the best S pairs are retained for the next step. S is a pre-set maximum number

of best promising subgroups with a default value of five.

3.3.2 Continuation Criterion

Within the S pairs of promising subgroups, a continuous procedure is applied sequentially,

starting with the subgroup with the smallest pa value (Lipkovich et al., 2011). For the selected

subgroup, SIDES considers it the parent node with a treatment effect pp, and calculates the

differential effect for its possible child nodes pc after excluding the covariate which is already

included in the parent node. Once all pc for the possible child nodes are obtained, the best S
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pairs are held out for testing the continuation criterion. The continuation criterion is simply

checking if the child node enlarges the differential effect in an expected scale compared to

the parent node, by the following definition:

pc ≤ γ pp,

where 0 < γ ≤ 1 is a pre-defined relative improvement parameter. A smaller value indicates

a stricter selection procedure. If the continuation criterion is met, the child node is added to

the parent node and the result from this two-level split is considered as a candidate subgroup.

The splitting procedure is recursively applied to the promising subgroup until one of the

pre-defined stopping criteria is met: (1) the number of covariates used to define a subgroup

reaches the pre-specified maximum value L; or (2) the subgroup size is smaller than the

minimum desired number (Lipkovich et al., 2011). Without further splitting, the current

node becomes the terminal node. If the identified subgroup has a p-value smaller than the

pre-set significant level α, this subgroup will be included in a candidate subgroup pool. The

largest number of candidate subgroups generated from this algorithm can be S+S2+· · ·+SL

(Lipkovich et al., 2017).

3.3.3 Selection Criterion

After the iteration of the splitting and continuation procedures, we end up with a set of

candidate subgroups Sj, where j = 1, . . . , J . The testing dataset is used to confirm these

candidates and finalize a number of promising subgroups. If the differential effect, pt, ob-

tained from the testing dataset is still smaller than the significant level, this subgroup is

confirmed as a promising subgroup.

If the testing dataset is not specified, a permutation procedure is applied to verify the

subgroups. This procedure aims to control the overall type I error by averaging the results

from a large number of permutation datasets. Let pj denote the original p-value for the
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subgroup, Sj. pk is calculated to evaluate the treatment effect of K permuted datasets,

where k = 1, . . . , K. Lipkovich et al. (2017) defined the adjusted p-value as:

p̃j =
1

K

K∑
k=1

1(pk ≤ pj).

Subgroups with p̃j < α are identified as promising subgroups. These subgroups represent

patients who benefit the most from a certain treatment.

SIDES works well with a relatively small number of candidate covariates (around 15-20),

while performance tends to deteriorate for a larger number of covariates. For any study with

a large number of covariates, Lipkovich and Dmitrienko (2014b) also proposed an improved

two-stage method called SIDEScreen to identify subgroups.

3.4 Handling Missing Data

For the treatment effect methods we introduced, there are default ways of handling missing

data within IT and QUINT. IT excludes the covariate containing missing value from the

splitting procedure, and QUINT applies listwise deletion which is simply excluding the entire

record if there is a single missing value. SIDES does not introduce any procedure to deal

with missing values.

We adopt the listwise deletion and three imputation methods to address missing data.

Imputation methods are a general way of handling missing data and can be classified as single

imputation and multiple imputation methods (Little and Rubin, 2014). Single imputation

fills in each missing value with one single prediction while multiple imputation generates M

set of predictions.
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3.4.1 Single Imputation

For single imputation, we adopt a non-parametric method called MissForest (MF), which

is developed from the random forest framework (Stekhoven and Bühlmann, 2011). MF can

handle mixed-type, high dimensions, complex interactions and non-linear data structures

(Stekhoven and Bühlmann, 2011). This method divides the dataset into two parts, treating

the complete records as the training data and the missing values as the testing data. For a

data matrix (X1, . . . ,Xp) and an arbitrary covariate Xm that includes missing values, MF

treats Xm as the response variable, and the other variables (X1, . . . ,Xm−1, Xm+1, . . . ,Xp)

as the predictive variables. X
(obs)
m denotes the observed part of the covariate Xm, and

(X
(obs)
1 , . . . ,X

(obs)
m−1 , X

(obs)
m+1 , . . . ,X

(obs)
p ) represent the corresponding values for the other vari-

ables. Similarly, X
(mis)
m represents the missing part of the Xm, while (X

(mis)
1 , . . . ,X

(mis)
m−1 ,

X
(mis)
m+1 , . . . ,X

(mis)
p ) are the corresponding values for the same observation. At the first step,

MF fits the training data to a random forest X
(obs)
m ∼ X

(obs)
1 , . . . ,X

(obs)
m−1 , X

(obs)
m+1 , . . . ,X

(obs)
p ;

then predicts the missing values X
(mis)
m by applying the trained random forest to the X

(mis)
1 ,

. . . ,X
(mis)
m−1 , X

(mis)
m+1 , . . . ,X

(mis)
p . MF runs the above algorithm repeatedly and stops if the

difference between the newly imputed data and the previous one within a threshold.

3.4.2 Multiple Imputation

The obvious disadvantage of single imputation is that imputing a single value cannot re-

flect the sample variability for missingness. Multiple imputation (MI) methods address the

uncertainty by replacing each missing value with M plausible values, resulting in M com-

plete data sets (Little and Rubin, 2014). Each complete data set is analysed by the same

complete-data method and the results are pooled to obtain a combined estimate. We intro-

duce two MI methods into our study: MI based on Predictive Mean Matching (MIPMM)

and MI based on Expectation-Maximization (MIEM). We use M = 5 for both MIPMM and

MIEM approaches.

The MIPMM method is a semi-parametric imputation approach which defines the pre-
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dictive mean of an observation as Ŷi = XT
i β. At first, this method calculates the predictive

mean for all observations. Then, when there is an incomplete case, MIPMM randomly draws

an observation with a similar predictive mean from the complete cases to substitute for the

missing one (Schenker and Taylor, 1996).

The MIEM method assumes that the data follows a multivariate normal distribution

N(µ,Σ) and the missing values are consistent with the MAR mechanism. This method

combines the classic EM algorithm with a bootstrap approach (Ghorbani and Desmarais,

2017). The classic EM algorithm is an iterative procedure requiring two steps at each iter-

ation: an expectation step (E-step) and a maximization step (M-step) (Levine and Casella,

2001). The E-step is a calculation of a conditional expectation and the M-step is a maxi-

mization of this expectation with respect to relevant parameters. For the MIEM method,

it bootstraps M datasets, and then runs the EM algorithm to predict point estimates of µ

and Σ for each bootstrap dataset (Honaker and King, 2010; Honaker et al., 2011). Once it

converges, MIEM imputes the missing values based on its distribution conditional on the

original observed values and each set of estimates (Honaker et al., 2011).

After using these methods to address missing data, the performance of the three treatment

effect methods is evaluated in simulation studies.
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Chapter 4

Simulation Study

Simulation studies are used to compare the model performance in the treatment effect when

using complete, incomplete and imputed data across various scenarios when the sample size,

proportion of missingness and missing variables differ. This chapter covers the design and

results of the simulation studies.

4.1 Study Design

Based on different sample sizes (100, 500), proportions of missingness (0.2, 0.5) and missing

variables (missing only in X1, or missing in X1 and X2), we considered eight scenarios in

our simulation study (Table 4.1). For each scenario, we generated two complete datasets

consisting of n (n = 100, or 500) observations on a binary treatment (T ), and ten continuous

variables (X1, . . . , X10) simulated from a multivariate normal distribution. T is equal to 0

for the control treatment group and 1 for the experimental treatment group. Consider µxp

and µY as the means for the predictor variables and the outcome variable, and ΣX and σY as

the variance-covariance matrix and the variance, respectively. µxp for the splitting variables

(µx1 , µx2 , µx3) is fixed at 5, 10, and 1, respectively. µxp for the other variables are drawn

from different uniform distributions, which are: µx5 ∼ U(−5, 5), µx4 , µx6 , µx7 and µx9 are

generated from U(−10, 10), and µx8 and µx10 followed a uniform distribution on the range
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of (−1, 1). ΣX is a 10 × 10 matrix with the main diagonal equal to 1 and the rest of the

entries equal to 0.5:

ΣX =



1 0.5 · · · 0.5

0.5 1 · · · 0.5

...
...

. . .
...

0.5 0.5 · · · 1


.

Table 4.1: Detailed Information for Eight Scenarios

Scenario Sample Size Proportion of Missingness Missing Variable

1 500 0.2 X1

2 500 0.5 X1

3 100 0.2 X1

4 100 0.5 X1

5 500 0.2 X1 and X2

6 500 0.5 X1 and X2

7 100 0.2 X1 and X2

8 100 0.5 X1 and X2

For the first model, the outcome Y is a continuous variable generated from a normal distri-

bution with σY = 1 and µY depending on each leaf and the treatment condition (M1, Figure

4.1). In this model, d represents the Cohen’s effect size which indicates the standardized

difference between the two means for different treatments (Dusseldorp and Van Mechelen,

2014). This value d is a perfect indication for the heterogeneity of treatment effects across

subgroups. For example, in Figure 4.1, the first two groups show a qualitative treatment

interaction effect, since d in the first group is positive and in the second group it is negative.

The third and the fourth groups contain a quantitative interaction, since the d values only

differ in the magnitude.
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The second model (M2) is generated from a linear regression:

Y = 2 + 2 · T + 2 · x1 − 2 · x2 + 2 · x3 + 3 · T · z1 − 3 · T · z2 + 3 · T · z3 + ε

where ε ∼ N(0, 1). In order to be comparable to the first model, indicator variables

(z1, z2, z3), where z1 = 1{x1 > 5}, z2 = 1{x2 > 10}, z3 = 1{x3 > 1.3}, are introduced

into the regression model to include the same splitting point information in the treatment-

covariate interaction. The results are compared to the ones obtained from the first model,

to see if the data structure influences the performance of the treatment effect models and

the data completion methods.

Figure 4.1: Model 1: Tree Structure with Continuous Outcomes

4.2 Model Performance

We used two methods to compare the model performance between the complete, incomplete

and imputed datasets in each scenario. The first one estimates the accuracy of the variable

selection (Loh et al., 2015). Since our true splitting variables are X1, X2 and X3, we compare

the frequencies of those variables chosen at the root node and two child nodes. We also
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calculate the bias in the treatment effect to compare these three approaches under different

models (Loh et al., 2016). Given a node j in a tree T , let µ(z, j) denote the mean of Y

for the treatment z in node j, and µ̂(z, j) be its estimate. T̃ and |T̃ | represent the set of

terminal nodes of T and their corresponding number, respectively. We evaluated the model

performances based on the average error and average relative error as defined in Loh et al.

(2016):

Average error:

D(T, z) = |T̃ |−1
∑
j∈T̃

[
µ̂(z, j)− µ(z, j)

]
,

Average relative error:

R(T, z) = |T̃ |−1
∑
j∈T̃

[
µ̂(z, j)− µ(z, j)

]
/µ(z, j).

For our simulation study, we averaged the results from 100 simulations, which gave us

the average bias and average relative bias (Loh et al., 2016).

4.3 Results

As mentioned in the previous section, we averaged the results from 100 simulations to com-

pare model performance. This section shows the model performance results for eight different

scenarios with varied samples sizes, proportions of missingness, and missing variables. For

each scenario, we evaluated the frequencies of variable selection and the average bias/relative

bias.

4.3.1 Scenario One

The first scenario has a relatively large sample size with 500 observations. We generated

MAR missing values for variable X1 which depends on X3, with the proportion of missing-

ness equal to 0.2. For the MAR values, a probability distribution for missingness over X3
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was generated first, and then the corresponding values with a probability smaller than 0.2

were excluded from X1. Table 4.2 shows the performance matrix of the two models when

using different imputation methods addressing missing data, and Figures 4.2 and 4.3 are the

corresponding plots. Since SIDES only successfully detected subgroups from one simulation

out of 100 for M1 after using the MissForest method to deal with the missing data, we

believed that the results were not comparable, so we removed them from the plots. The

complete plot including the results is shown in the appendix Figure A.1.

The variable selection frequency shows that all three methods perform equally well for

the first model at the first split, with 100% accuracy rates for all imputation methods,

while the results of SIDES start falling behind after the second split. For the second model,

SIDES and IT outperform the QUINT dramatically at the first split, with the accuracy rates

increased by 70%. Unfortunately, SIDES only works when using the MissForest approach to

address missing data. Furthermore, the performance of QUINT is improved slightly when

the MissForest method is used to handle missing data. Similar to the first model, SIDES is

not good at detecting the second and the third split. In contrast, the QUINT starts working

well at the last two splits and shows an almost equivalent performance with IT.

When it comes to bias, we expected a smaller bias and relative bias when using the

imputation methods to address the missing data. However, QUINT has a large relative bias

for the first model, especially for the the control treatment group when using the datasets

imputed by the MIEM and MIPMM approaches (with relative biases equal to 2.8 and 2.0,

respectively). For the second model, QUINT in the experimental treatment group has a

large bias and relative bias. Both of them are larger when the dataset is imputed by the

MissForest method. IT method also shows slightly large relative biases for the first model,

but these biases are smaller than 1 and are acceptable.
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Figure 4.2: The Frequency of Variable Selection for the First Scenario 2

Figure 4.3: The Bias and Relative Bias for the First Scenario 3

2C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM

3C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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4.3.2 Scenario Two

The second scenario has the same sample size and missing variable as the first scenario,

which are 500 samples and MAR values for variable X1 which depends on X3. We generated

a larger proportion of missingness in this scenario, which was 0.5. Table 4.3 shows the

performance matrix of the two models when using different imputation methods addressing

missing data. Figures 4.4 and 4.5 are the corresponding plots. Similar to the first scenario,

we removed the results from the SIDES for M1 after using the MissForest method. The

complete plot with the results is shown in the appendix Figure A.2.

The result from the SIDES method shows similar trends to the one derived from the

first scenario. This method only works well at the first split for the first model, with 100%

accuracy rates. For the second model, SIDES only works when using the MissForest to

address the missing data. Similar to the first scenario, IT performs slightly better than

QUINT at the first split of the tree-based model (M1), but performs dramatically better

when using the regression-based model (M2), with more than 50% increased in the accuracy

rates. However, the QUINT method starts working well at the second split and even performs

slightly better than IT at some points. The results from the first two scenarios show that,

with a relatively large sample size, the proportion of missingness does not substantially

influence the model performance.

For the bias, similar to the first scenario, QUINT has the highest average relative bias for

the first model, especially for the datasets imputed by the MIEM and MIPMM approaches,

with both relative biases larger than 2. QUINT also shows a highest bias and relative bias

in the second model for the experimental treatment group, regardless of the imputation

methods used. Similar to the first scenario, IT method shows slightly large relative biases

for the first model.
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Figure 4.4: The Frequency of Variable Selection for Scenario Two 5

Figure 4.5: The Bias and Relative Bias for Scenario Two 6

5C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM

6C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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4.3.3 Scenario Three

The third scenario has a smaller sample size compared to the first two scenarios, with only

100 observations. We generated MAR missing values for variable X1 which depends on X3,

with the proportion of missingness equal to 0.2. Table 4.4 shows the performance matrix

of the two models when using different imputation methods addressing the missing data.

Figures 4.6 and 4.7 are the corresponding plots.

A smaller sample size identified a decrease in model performances, especially for the IT

and QUINT methods, with more than 10% decreased in accuracy rates across all splits.

However, the conclusions are similar to the ones drawn from the first two scenarios. First,

after using the imputation methods to address the missing data, the SIDES method performs

better than the IT and QUINT methods when using the tree-structure data (M1). For the

regression-based data (M2), SIDES only works well when using the MissForest method to

address the missing data. Second, IT outperforms the QUINT method at the first split as

before, while QUINT narrows down the performance gap at the second split.

There are similar conclusions for the bias for scenario three: QUINT has the highest

relative bias for the first model, especially for the control treatment group when using the

listwise deletion to address the missing data. Compared to the previous scenarios, the relative

bias for IT remains the same, which is close to 1 when using the dataset imputed by the

MIEM method. For the second model, QUINT has a large value for the bias and relative

bias for the experimental treatment group.
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Figure 4.6: The Frequency of Variable Selection for Scenario Three 7

Figure 4.7: The Bias and Relative Bias for Scenario Three 8

7C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM

8C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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4.3.4 Scenario Four

The fourth scenario has the same sample size and missing variable as the third one, with 100

samples and MAR for variable X1. The proportion of missingness is now increased to 0.5.

Table 4.5 shows the performance matrix of the two models when using different imputation

methods to address the missing data. Figures 4.8 and 4.9 are the corresponding plots. After

using listwise deletion to address missing values, SIDES only successfully detected subgroups

from one simulation run for M1. We believed that the results were not comparable to the

other methods, so we removed these results from the plots. The complete plot with the

results is shown in the appendix Figure A.3.

In a scenario with a smaller sample size and a larger proportion of missingness, SIDES

still performs better than IT and QUINT at the first split for the tree-based model (M1).

However, for the regression-based model (M2), the SIDES method only works well when

using MissForest to deal with the missing data. The IT performs better than QUINT at the

first split, especially for the second model, with a 30% higher in the accuracy rate, while

QUINT starts working well at the last two splits, and even performs better than IT from

time to time.

The results for the biases are consistent with the ones obtained from the third scenario,

which indicates that the biases are more dependent on the sample size rather than the

proportion of the missingness.
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Figure 4.8: The Frequency of Variable Selection for Scenario Four 10

Figure 4.9: The Bias and Relative Bias for Scenario Four 11

10C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM

11C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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4.3.5 Scenario five

In the fifth scenario, we increased the number of missing variables. We generated MAR

for variables X1 and X2, which depend on X3 and X4, respectively. For the MAR values,

probability distributions for missingness over X3 and X4 was generated respectively, and then

the values with a probability smaller than 0.2 were excluded from X1 and X2 correspondingly.

Both proportions of missingness are equal to 0.2, and the sample size is 500. Table 4.6

shows the performance matrix of the two models when using different imputation methods

addressing missing data. Figures 4.10 and 4.11 are the corresponding plots.

Doubling the number of missing variables show no impact on model performance. Similar

to the first scenario, all three methods perform equally well at the first two splits for the

first model, while the results from the SIDES method start to fall behind at the third split.

The second model shows that IT outperforms QUINT at the first split, while QUINT starts

to narrow down the performance gap from the second split and shows a similar performance

with IT from time to time. However, SIDES fails to detect any subgroup in the regression-

based model.

For the biases, the results are consistent with the previous scenarios. There is no observed

difference in bias for IT and SIDES among datasets imputed by different methods.
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Figure 4.10: The Frequency of Variable Selection for Scenario Five 12

Figure 4.11: The Bias and Relative Bias for Scenario Five 13

12C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM

13C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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4.3.6 Scenario Six

The same as in scenario five, we generated MAR for variables X1 and X2, which depend

on X3 and X4, respectively. This scenario has a sample size equal to 500, and a larger

proportion of missingness for both missing variables, which are p = 0.5. Table 4.7 shows the

performance matrix of the two models when using different imputation methods to address

the missing data. Figures 4.12 and 4.13 are the corresponding plots.

Similar conclusions can be drawn from this scenario, except for one difference between

the first four scenarios and the last two. The SIDES method fails to detect any subgroup

from the regression-based model for these scenarios with two variables containing missing

data.

Consistent with the previous scenarios, QUINT has the largest relative bias for the first

model, especially when using the MIPMM method, with a relative bias up to 1.3. QUINT

also shows a large bias and relative bias for the second model, regardless of the imputation

methods.

Figure 4.12: The Frequency of Variable Selection for Scenario Six 14

14C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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Figure 4.13: The Bias and Relative Bias for Scenario Six 15

4.3.7 Scenario Seven

We used n = 100 as the sample size for scenario seven, and generated MAR for variables

X1 and X2, which depend on X3 and X4, respectively. Both variables’ proportions of miss-

ingness are equal to 0.2. Table 4.8 shows the performance matrix of the two models when

using different imputation methods to address missing data. Figures 4.14 and 4.15 are the

corresponding plots. For the second model with the dataset imputed by MissForest, SIDES

only detected subgroups from a single simulation. We believed that the results were not

comparable to the other methods, so we removed them from the plots. The complete plot

with the results is shown in the appendix Figure A.4.

The first split shows that the performance of SIDES is more than 15% higher than the

performances of IT and QUINT for the tree-based model. However, SIDES again fails to

detect any subgroup for the regression-based model. IT performs better than QUINT at the

first split, while QUINT starts working well for the last two splits and performs better than

15C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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IT occasionally.

When it comes to the bias, the relative biases for both IT and QUINT are increased

in the first model, and the QUINT has relatively large bias and relative bias in the second

model when using the MissForest to address the missing data, with biases up to 1.8 and 0.7

respectively.

Figure 4.14: The Frequency of Variable Selection for Scenario Seven 17

17C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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Figure 4.15: The Bias and Relative Bias for Scenario Seven 18

4.3.8 Scenario Eight

For the last scenario, we increased the proportion of missingness to 0.5. The sample size

is 100, and the missing variables are X1 and X2 which depend on X3 and X4, respectively.

Table 4.9 shows the performance matrix of the two models when using different imputation

methods to address missing data. Figures 4.16 and 4.17 are the corresponding plots. For the

second model with the dataset imputed by MissForest, SIDES only detected subgroups from

one single simulation. We believed that the results were not comparable, so we removed

them from the plots. The complete plot with the results is shown in the appendix Figure

A.5.

For the frequency of the variable selection, the SIDES fails to find any subgroup in most

situations, while the other conclusions remain the same as for the previous scenarios. The

relative biases for IT for the first model are increased dramatically and are highest among

biases for all three methods, especially for the dataset used with the MIPMM approach. The

18C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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biases for the QUINT and SIDES are the same as for the previous scenarios as well.

Figure 4.16: The Frequency of Variable Selection for Scenario Eight 20

Figure 4.17: The Bias and Relative Bias for Scenario Eight 21

20C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM

21C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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4.4 Conclusions

For the accuracy of variable selection, SIDES performs better than the IT and QUINT

methods at the first split for the model generated from the tree structure, with more than

90% accuracy rates for all eight scenarios. However, for the model generated from the linear

regression, the performance of SIDES is satisfactory when using the MissForest to impute the

missing data, and the good performance is restricted to the situations with a large number of

observations (n=500) and only when one variable contains missing values. The disadvantage

of the SIDES method is that it is not sensitive at the second and the third splits, especially

for datasets generated from a linear regression method.

The performance of the IT and QUINT methods are approximately equivalent amongst all

eight scenarios for the first model, regardless of the sample size, the proportion of missingness

and the number of variables with missing data. When it comes to the second model, IT

performs dramatically better than QUINT at the first split. However, from the second

split, the QUINT method narrows down the performance gap between the two methods and

becomes even better than IT at some points. Taken together, the IT and QUINT methods

show similar performance and can be used interchangeably for datasets generated from a

tree-based structure with a continuous outcome variable. For datasets generated from a

linear regression model, IT would be a better choice compared to the QUINT method.

If we keep the other conditions, such as scenarios, models and the level of the split,

unchanged, both IT and QUINT perform better when using MissForest to address missing

data, especially for the first model. The performances of the two MI methods (MIPMM

and MIEM) are equivalent, and the listwise deletion approach would be the last choice for

addressing missing data. The SIDES method also shows a similar trend for the first split

in both models: the accuracy of variable selection for SIDES is higher when the dataset is

imputed by MissForest, regardless of the sample size and the proportion of missingness. The

unusual situation that the single imputation method outperforms the MI methods might

be due to the data generation approach. We generated the first model from a tree-based
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structure, which shares a similar underlying methodology with the MissForest. It could also

explain the decrease in the performance in the second model, since we generated the data

from a linear regression method instead of a tree structure.

When it comes to the bias for the treatment effect, QUINT has the largest relative bias

for the first model, especially for the datasets imputed by the MIEM and MIPMM methods.

In addition to that, QUINT with the experimental treatment group has a large bias and

relative bias for the second model. The relative bias for IT in the first model begins to

increase when the sample size is decreased and the proportion of missingness is increased.

Generally speaking, QUINT has a relatively large bias for the datasets imputed by the MI

methods, while the other biases are acceptable. It indicates that we need to make a trade-off

between the performance and the large biases when applying the QUINT method.

In real life applications, such as clinical trials data with missing values, the treatment

effect models should be chosen based on the objective of the study, the sample size, the

number of variables containing missing data, and the data structure. For a study that

focuses on searching for one particular subgroup who has a better treatment benefit, with

a reasonable sample size and only one variable containing missing values, SIDES would

be the first option. On the other hand, either IT or QUINT would be a good choice for

a study looking for some exclusive subgroups with a tree-based structure. For the rest

of the situations, IT would be the best choice, given the consistent performance and the

acceptable bias for most cases. For the imputation methods, we should take into account

the assumption of the data structure. MissForest is an excellent choice for a dataset with a

tree-based structure, while MI methods would be a good fit for the other situations.
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Chapter 5

Application Study

5.1 Study Design

We applied our three methods to a non-small cell lung cancer (NSCLC) dataset obtained

from a retrospective observational study. The data contains 166 patients, among whom 153

were diagnosed with adenocarcinoma. Since the number of patients with adenocarcinoma

dominates the dataset, we only analysed these 153 patients to avoid any potential bias caused

by the imbalance of the histological results.

For these 153 patients, we obtained their patient characteristics at diagnosis and clinical

characteristics. Patient characteristics included age, gender, and number of pack-years they

smoked, while the clinical characteristics contained cancer stage, systemic therapy informa-

tion, surgery, radiation, progression, recurrence, vital status, and survival month (only for

the patients who died). All patients showed a positive result to the epidermal growth factor

receptor (EGFR) mutations test, so we excluded this factor from the clinical characteristics.

The mean age of the 153 patients was 65.42 years, with 65% of them female and 49% of them

smokers. The number of pack-years smoked contains missing values, with a missing propor-

tion equal to 12%. Based on the complete observations, the average number of pack-years

equals to 12.51. Most patients were at an advanced stage of cancer (78%), and received ra-
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diation (63%) and systemic therapy (86%) treatments. A small number of patients received

surgery (17%). Among all these patients, 33% showed a progression and 21% suffered from

a recurrence of cancer. 112 (73%) patients died during the range of the study year and the

average survival months was 25 months for deceased individuals. The detailed information

is shown in Table 5.1.

Table 5.1: Candidate Covariates in NSCLC Study

Covariates Description Values/(Min., Max.)

Patient Characteristics at Diagnosis

Age Patient’s age at the diagnosis date 65.43 (32.31, 87.53)

Gender Patient’s gender 0 (Male, 53), 1 (Female, 100)

Packs Number of pack-years 12.51 (0, 150)

Clinical Characteristics

Stage Combine 7 stages into 2 stages(IA-IIB, IIIA-IV) 1 (Early stage, 34), 2 (Late stage, 119)

Surgery If patient got surgery at some point 0 (No, 127), 1 (Yes, 26)

Radiation If patient got radiation therapy at some point 0 (No, 57), 1 (Yes, 96)

Systemic Therapy Based on first line chemotherapy regimens 0 (No, 21), 1 (TKI, 111), 2 (others, 21)

Progression Based on the first progression date 0 (No, 102), 1 (Progression, 51)

Recurrence Based on the first recurrence date 0 (No, 121), 1 (Recurrence, 32)

Vital Status Vital status 0 (Alive, 38), 1 (Dead, 112), NA (3)

Survival Month Survival months for patients who died 25.11 (0.60, 124.93)

Given that many patients received several different systemic therapy regimens during the

follow-up time period, we only considered the first line regimen as our treatment variable for

simplification purpose. For the first line therapy, patients received one of the four different

regimens: TKI (111 patients), cytotoxic (20 patients), trial (1 patient) and no systemic

therapy (21 patients). Based on these categories, we evaluated two different treatment
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conditions: our first treatment condition (T1) represents the patients who got a systemic

therapy (cytotoxic, TKI, or trial: T1 = 1) and the patients who did not receive any systemic

therapy (T1 = 0). The second treatment condition (T2) represents patients under TKI

treatment (T2 = 1) and patients under other systemic therapy treatments (T2 = 0). The

second treatment variable is used to evaluate if the patients under TKI treatment would have

a better prognosis compared to the patients under other treatments. Twenty-one patients

who did not receive any systemic therapy were excluded from the second treatment condition.

For the outcome variables, we mainly evaluated the relationship between the patients’

survival month and their baseline and clinical characteristics. Based on the patient’s vital

status, we had 38 patients still alive, 112 who died and 3 with unknown status. The survival

month information was only available for those 112 patients who died. The following sections

show the application results based on this outcome variable. The results based on other

outcome variables (progression, recurrence and vital status) are shown in Appendix B.

5.2 Parameters for the Methods

Before jumping into the results of the application study, we list here the parameters we used

when applying these three methods in the software program, R.

For the IT methods, we used the R functions provided by Su et al. (2009) with the

following parameters: (1) the minimum number of observations for determining terminal

nodes (min.ndsz) is set as 20; (2) the minimum number of observations for each child node

(n0) is equal to 10; and (3) the maximum height of a tree (max.depth) is specified as 10.

We adopted the following options when applying the QUINT method (Dusseldorp and

Van Mechelen, 2014): (1) at the splitting stage, we used the difference in means to estimate

the differential effect; (2) the minimum absolute standardized mean difference (dmin) is

equal to 0; and (3) the maximum number of leaves (maxl) is specified as 10.

The following parameters choices were applied to the SIDES method (Lipkovich et al.,
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2011): (1) for the splitting criterion (num − crit), we used the third method mentioned in

Chapter 3.3.1, which is p3 = max(p1, p2) (Lipkovich et al., 2011); (2) the maximum number

of best promising subgroups (S) is pre-set as 5; (3) the maximum number of levels (L) for

a subgroup is specified as 3; (4) the relative improvement parameter γ is equal to 1; (5) the

number of permutations for the subgroup confirmation is 200; (6) α = 0.05; and (7) the

minimum desired subgroup size is 20.

5.3 Results

This section shows the results of applying IT, QUINT, and SIDES to the NSCLC data

after addressing missing values. Since survival month data are only available for patients

who died, we have a relatively small sample size, with 112 patients in the first treatment

condition, and 98 patients in the second condition. Some methods failed to detect any

subgroup because some categories ended up with only one observation, which make finding

the subgroup harder. For the methods that did work, the results are shown in the following

sections.

5.3.1 The First Treatment Condition

For the first treatment condition, the patients’ characteristics (Table 5.2) show that patients

who received treatment were younger than patients who did not receive systemic therapy.

The results from IT also confirm that patients’ age (75.1) is an important splitting variable

to divide subgroups regarding to patients’ survival month. Both IT and SIDES found that

subgroups divided by the different cancer stage show an interaction effect with the systemic

therapy treatment. It indicates that patients at an early stage of cancer experienced different

treatment effects from systemic therapy compared to the patients at an advanced stage,

especially when taking into account their age, gender or the number of pack-years they

smoked. SIDES also found that the number of pack-years is an important factor which can
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be used to obtain subgroups with differential treatment effects (Table 5.3).

Table 5.2: Patient Characteristics in Two Treatment Groups: Survival Month Outcome with
T1

T1 = 0 T1 = 1

(n = 14) (n = 98)

No. % No. %

Age Mean (SD) 72.95 12.63 64.73 12.27

Packs Median (IQR) 4.60 (0.04, 25.00) 0.00 (0.00, 20.00)

Gender
Male 5 35.71 38 38.78

Female 9 64.29 60 61.22

Stage
Early Stage 4 28.57 9 9.18

Late Stage 10 71.43 89 90.82

Surgery Yes 1 7.14 9 9.18

Surgery No 13 92.86 89 90.82

Radiation
Yes 6 42.86 68 69.39

No 8 57.14 30 30.61

Progression
Yes 1 7.14 35 35.71

No 13 92.86 63 64.29

Recurrence
Yes 1 7.14 16 16.33

No 13 92.86 82 83.67

Outcome Variables

Survival Month Median (IQR) 7.65 (3.10, 11.43) 18.70 (11.26, 34.19)

Table 5.3: Results for the First Treatment Condition

Treatment Effect Method Imputation Method Subgroup

IT MIEM { Stage = 1 and Age ≤ 75.01 }
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Table 5.3: Results for the First Treatment Condition

Treatment Effect Method Imputation Method Subgroup

IT

MIEM { Stage = 2 and Gender = 1 }

MIPMM
{ Stage = 1 and Age ≤ 75.01 }

{ Stage = 2 and Gender = 1 }

SIDES

MIEM

{ Stage = 1 }

{ Packs ≤ 26 }

{ Packs ≤ 20 }

{ Stage = 1 and Packs ≤0 }

MIPMM

{ Stage = 1 }

{ Packs ≤ 26 }

{ Packs ≤ 18 }

{ Stage = 1 and Packs ≤ 0 }

5.3.2 The Second Treatment Condition

The characteristics of patients under the second treatment condition (T2: TKI vs. other

therapies) show that the number of patients who received TKI treatment was six times more

than the number of patients who received other systemic therapies (Table 5.4). However,

patients who received other systematic therapies treatment were younger than patients who

received TKI treatment. For the results, in addition to the factors that we found from the

first treatment condition, SIDES also found that subgroups divided by the patients’ age

combined with their recurrence, progression, or surgery status show differential treatment

effects from the TKI therapy compared to the other groups of patients (Table 5.5).
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Table 5.4: Patient Characteristics in Two Treatment Groups: Survival Month Outcome with
T2

T2 = 0 T2 = 1

(n = 15) (n = 83)

No. % No. %

Age Mean (SD) 59.85 9.43 65.61 12.56

Packs Median (IQR) 0.00 (0.00, 25.00) 0.00 (0.00, 20.00)

Gender
Male 5 33.33 33 39.76

Female 10 66.67 50 60.24

Stage
Early Stage 2 13.33 7 8.43

Late Stage 13 86.67 76 91.57

Surgery
Yes 12 80.00 77 92.77

No 3 20.00 6 7.23

Radiation
Yes 1 6.67 29 34.94

No 14 93.33 54 65.06

Progression
Yes 12 80.00 51 61.45

No 3 20.00 32 38.55

Recurrence
Yes 9 60.00 73 87.95

No 6 40.00 10 12.05

Outcome Variables

Survival Month Median (IQR) 37.43 (19.22, 63.37) 17.70 (10.73, 27.72)

Table 5.5: Results for the Second Treatment Condition

Treatment Effect Method Imputation Method Subgroup

IT
MIEM { Stage = 1 and Age ≤ 73.60 }

MIPMM { Stage = 1 and Age ≤ 73.60 }

QUINT MIEM/MIPMM/MissForest { Age ≤ 51.43 }
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Table 5.5: Results for the Second Treatment Condition

Treatment Effect Method Imputation Method Subgroup

QUINT MIEM/MIPMM/MissForest { 51.43 ≤ Age ≤ 71.72 }

SIDES MIEM/MIPMM

{ Surgery = 1 }

{ Age ≤ 49.35 }

{ Surgery = 1 and Age ≤ 51.84 }

{ Age ≤ 49.35 and Recurrence = 0 }

{ Age ≤ 49.35 and Progression = 0 }

{ Age ≤ 49.35 and Stage = 2 }

5.4 Conclusions

All things considered, the most frequently selected covariates were patient age and the num-

ber of pack-years they smoked. For the patient age, most of the results show that it is

an important splitting variable to be used to divide subgroups, independently or combined

with other covariates. Considering that patients who received treatment were younger than

patients who did not receive any systemic therapy, we believe that what this factor actually

reflects is the selection for being delivered a treatment. Since the study did not randomize

the patients into two groups, age might be a factor that has impact on which treatments

these patients received, rather than the performance of the treatment itself.

Our results also show that the subgroups partitioned by the number of pack-years of

smoking show a differential treatment effect, especially for the first treatment condition

(systemic therapy vs. no systemic therapy). Since smoking is a well-known risk factor for

the NSCLC, it is not a surprise that the results show a connection between the smoking

status and the patients’ outcome (Molina et al., 2008). However, the patient characteristics

show that under the first treatment condition, there are more smokers in the control group
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compared to the systemic therapy group. From this point of the view, smoking status might

be a reflection of the patients’ treatment condition. It can also explain why the number

of pack-years is selected less frequently under the second treatment condition, which has a

relatively balanced number of smokers in the two arms.

In addition to the previous factors, subgroups divided by the patients’ age combined with

their cancer stage, surgery, recurrence or progression status also show an interaction effect

with the systemic therapy and TKI treatment. These identified subgroups might be useful

for further exploring. However, are they real subgroups? We do not know for sure. Due to

the unbalanced patient characteristics and sample sizes in the two groups, it is hard to draw

any solid conclusion.

In terms of the model performances, similar to what we found from the simulation study,

the results for IT and QUINT are consistent in some ways. However, the results of SIDES

are slightly different from that of the other two methods. Furthermore, the performance of

the QUINT method is less stable compared to the IT method, since this method failed to

detect subgroups in the first treatment condition. It indicates that the QUINT tends to fail

when there is an increased imbalance in the number of patients between the two groups. The

SIDES method tends to list all the potential subgroups with different combinations of the

covariates, which makes the results less convincing. This finding also supports the results

from the simulation study, in that the QUINT and the SIDES methods are less preferable

compared to the IT method.

For the methods addressing missing data, MIPMM and MIEM perform equally well and

their results are comparable. The performance of the MissForest is less satisfying for this

dataset. This result echoes what we got from the simulation study in that the MissForest

method tends to perform better when the dataset is generated from a tree-based structure.

An assumption of the data structure needs to be made during the method selection, although

in our data, the tree structure is unknown.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

In this study, we focused on the treatment effect models to assess predictive biomarkers or

other factors that provide information about the effect of a therapeutic intervention. We

evaluated and addressed the consequences of having missing data when using three treatment

effect models: IT, QUINT, and SIDES. Simulation studies were used to compare the model

performance for treatment effects when using complete, incomplete and imputed data across

various scenarios when the sample size, proportion of missingness and number of missing

variables differ. We also applied these three methods to a NSCLC dataset obtained from a

retrospective study.

In sum, both the simulation and application studies indicated that the IT and QUINT

methods are equivalent in most situations. However, in situations such as the existence of a

severe imbalance between two groups, it would be better to use the IT method. The SIDES

method requires a descent sample size to achieve a better partitioning outcome. Furthermore,

the results are less comparable to the other two methods. This difference is due to the varied

mechanisms of these methods. SIDES is a local treatment effect model and tends to search

for one subgroup with a maximum treatment effect, while IT and QUINT are the global
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treatment effect models and aim to divide the population into several exclusive subgroups.

The diverse purposes of the three methods lead to the different results between the models,

so the study objective need to be considered when choosing these methods.

For the missing data, both studies show that the assumption of the data structure plays an

important part in the choice of the data completion methods. In most cases, it would be a safe

option to choose multiple imputation methods, such as MIPMM and MIEM. For some rare

situations when the data have a tree-based structure, MissForest would be a perfect choice.

For a tree-based structure dataset, addressing the missing data by MissForest will boost the

performance of the treatment effect models. It is because the treatment effect models and

the MissForest are sharing a similar underlying methodology. The listwise deletion would

be the last choice for handling missing data.

One difficulty in the real world application is to evaluate the data structure. There are

two potential ways to do it. The first one is making decision based on the clinical expert

opinion. For example, we might be able to consider some genetic data as following a tree-

based structure if there is a clinical evidence to show that. The second way is applying

sensitivity analysis to compare the results from the tree-based methods and the regression-

based methods. Based on the results, it is relatively easy to evaluate which method is a good

fit.

6.2 Future work

For future work, these methods could be applied to a real randomized dataset. Due to the

limitations of the available dataset, it is hard to draw any solid conclusion for the application

study. A result obtained from a balanced dataset would be more convincing. Besides,

equal numbers of patients in each group and a larger sample size might also improve the

performance of the treatment effect methods, especially for the QUINT and SIDES methods.

In the situation that only observational data are available, we could adopt some methods
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to balance the baseline characteristics in each group to eliminate the potential treatment

assignment difference. Such methods include propensity score (PS) matching, inverse prob-

ability of treatment weighting (IPTW) and genetic matching (GM) (Kreif et al., 2012).

However, these methods should only be applied under the assumption that no unobserved

confounding exists.

Since our study mainly focuses on tree-based treatment effect methods, we did not include

other types of subgroup analysis models, such as outcome modeling methods and regression-

based models. The comparison of the performances among these models might shed some

light on model selection in subgroup identification studies.

Given that missing data is an unavoidable problem in the real-life data application,

it would be a great idea to introduce some other novel methods to address missing data

to overcome limitation of the existing methods. We could also consider more restrictive

assumption regarding to the missingness, such as MNAR.
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Appendix A

Appendix for the Simulation Study

Figure A.1: The Bias and Relative Bias for Scenario One 1

Figure A.1 is the complete plot for scenario one in the simulation study. This plot includes

the results from the SIDES method for the first model when using the MissForest to deal

with the missing data.

1C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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Figure A.2: The Bias and Relative Bias for Scenario Two 2

Figure A.2 is the complete plot for scenario two in the simulation study. This plot

includes the results from the SIDES method for the first model after using the MissForest

to deal with the missing data.

Figure A.3: The Bias and Relative Bias for Scenario Five 3

2C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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Figure A.3 is the complete plot (including the SIDES results for the first model after

using the listwise deletion to deal with the missing data) for scenario four in the simulation

study.

Figure A.4: The Bias and Relative Bias for Scenario Six 4

Figure A.4 is the complete plot (including the SIDES results for the second model after

using the MissForest to deal with the missing data) for scenario seven in the simulation

study.

3C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM

4C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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Figure A.5: The Bias and Relative Bias for Scenario Six 5

Figure A.5 is the complete plot (including the SIDES results for the second model after

using the MissForest to deal with the missing data) for scenario eight in the simulation study.

5C: The complete dataset without any missing data; D: Listwise deletion; EM: MIEM; In: The incomplete
dataset containing missing values; PMM: MIPMM
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Appendix B

Appendix for the Application Study

In addition to the survival month outcome, we also considered three outcome variables

from two different stages in the NSCLC study. The first stage is in the middle of the

study, as we would like to evaluate if there is any characteristic that influences patients’

progression and recurrence status. The second stage is at the end of the study, where we

evaluated the relationship between the patients’ vital status and their baseline and clinical

characteristics. For the patient’s vital status, we had 38 patients still alive, 112 who died and

3 with unknown status. The three patients whose vital statuses were unknown were excluded

from the analysis. The following sections show the application results for the SIDES method

based on different outcome variables.

B.1 Results for the Mid-stage Outcomes

This section presents the results of applying SIDES to the mid-stage data after addressing

missing values. At this point, we had two outcome variables to evaluate patients’ response

to a treatment, which are progression status and recurrence status.
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B.1.1 Progression

In terms of the patients’ progression of the disease, we evaluated their performances based on

two different treatment conditions. For the first treatment condition (T1: systemic therapy

vs. no systemic therapy), SIDES fails to detect any subgroup. The characteristics of patients

under the second treatment condition (T2: TKI vs. other therapies) show that the number of

patients who received TKI treatment was five times more than the number of patients who

received other systemic therapies (Appendix Table B.1). There were more female patients

and most patients were at the advanced stage of the cancer. The SIDES results for the

second treatment condition shown that patients above and below certain age (∼73) would

respond differently to the TKI therapy. The number of pack-years they smoked is also an

important factor which can be used to obtain subgroups with differential treatment effects

(Appendix Table B.2).

Table B.1: Patient Characteristics in Two Treatment Groups: Mid-stage Data with T2

T2 = 0 T2 = 1

(n = 21) (n = 111)

No. % No. %

Age Mean (SD) 61.17 11.11 64.93 12.35

Packs Median (IQR) 0.00 (0.00, 16.00) 0.00 (0.00, 20.00)

Gender
Male 8 38.10 39 35.14

Female 13 61.90 72 64.86

Stage
Early Stage 5 23.81 19 17.12

Late Stage 16 76.19 92 82.88

Surgery
Yes 5 23.81 17 15.32

No 16 76.19 94 84.68

Radiation
Yes 18 85.71 68 61.26

No 3 14.29 43 38.74

Outcome Variables
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Table B.1: Patient Characteristics in Two Treatment Groups: Mid-stage Data with T2

T2 = 0 T2 = 1

(n = 21) (n = 111)

No. % No. %

Progression
Yes 3 14.29 64 57.66

No 18 85.71 47 42.34

Recurrence
Yes 8 38.10 21 18.92

No 13 61.90 90 81.08

Table B.2: Results for the SIDES: Progression Outcome under T2

Imputation Method Subgroup

MIEM

{Age ≤ 75.4}

{Age ≤ 73.5}

{Age ≤ 69.7 and Packs ≤ 26}

{Age ≤ 75.0 and Packs ≤ 38}

MIPMM

{Age ≤ 75.4}

{Age ≤ 73.5}

{Age ≤ 75.4 and Packs ≤ 12}

{Age ≤ 69.7 and Packs ≤ 26}

B.1.2 Recurrence

The patients’ characteristics for the recurrence outcome data are essentially the same as the

progression outcome data (Appendix Table B.1 and Table B.3). For the patients’ recurrence

status, we also considered two different treatment conditions. For the first treatment con-
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dition (systemic therapy vs. no systemic therapy), the patients’ characteristics (Table B.3)

show that patients who received treatment were younger than patients who did not receive

systemic therapy. The results from the first condition confirm that patients’ age (∼70) is an

important splitting variable to divide subgroups regarding to patients’ recurrence status. In

addition to the factors we found from the progression data, subgroups divided by the surgery

status also show an interaction effect with the systemic therapy treatment. Patients who

received surgery experienced different treatment effects from systemic therapy compared to

the patients who did not receive surgery (Appendix Table B.4).

For the second condition (TKI vs. other therapies), subgroups divided by patients’ cancer

stage show an interaction effect with the TKI therapy. This interaction effect indicates that

patients at different stages would have different responses to the TKI treatment in term of

cancer recurrence (Appendix Table B.4).

Table B.3: Patient Characteristics in Two Treatment Groups: Progression Outcome with T1

T1 = 0 T1 = 1

(n = 21) (n = 132)

No. % No. %

Age Mean (SD) 72.50 12.99 64.31 12.20

Packs Median (IQR) 1.20 (0.00, 30.00) 0.00 (0.00, 20.00)

Gender
Male 6 28.57 47 35.61

Female 15 71.43 85 63.39

Stage
Early Stage 10 47.62 24 18.18

Late Stage 11 52.38 108 81.82

Surgery
Yes 4 19.05 22 16.67

No 17 80.95 110 83.33

Radiation
Yes 10 47.62 86 65.15

No 11 52.38 46 34.85

Outcome Variables
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Table B.3: Patient Characteristics in Two Treatment Groups: Progression Outcome with T1

T1 = 0 T1 = 1

(n = 21) (n = 132)

No. % No. %

Progression
Yes 1 4.76 50 37.88

No 20 95.24 82 62.12

Recurrence
Yes 3 14.29 29 21.97

No 18 85.71 103 78.03

Table B.4: Results for the SIDES: Recurrence Outcome

Treatment Condition Imputation Method Subgroup

T1

MIEM

{ Surgery = 1 }

{ Age ≤ 70.1 and Surgery = 1 }

{ Age ≤ 70.1 and Surgery = 1 and Packs ≤ 25}

MIPMM
{ Surgery = 1 }

{ Stage = 1 }

{ Age ≤ 70.1 and Surgery = 1 }

MissForest
{ Surgery = 1 }

{ Age ≤ 70.1 and Surgery = 1 }

T2

MIEM

{ Stage = 1 }

{ Age ≤ 77.1 and Stage = 1 }

{ Stage = 1 and Packs ≤ 0 }

MIPMM

{ Stage = 1 }

{ Surgery = 1 }

{ Age ≤ 77.1 and Stage = 1 }

MissForest { Surgery = 1 and Packs ≤ 33 and Age ≤ 77.1 }
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B.2 Results for the End-stage Outcome

Similar to the previous section for mid-study outcomes, this section shows the results of

applying SIDES to the end-stage data after addressing missing values. At the end of the

study, patients’ vital status was used as the response variable, leaving all other variables

(including progression and recurrence statuses) as the predictor variables.

B.2.1 Vital Status

Similar to the mid-stage results, the patients’ characteristics based on vital status (Appendix

Table B.5) also show that patients who received treatment were younger than patients who

did not receive any systemic therapy. Our findings, that factors such as age and the number

of packs smoked are important elements for dividing subgroups with differential treatment

effects, are consistent with what we found from the mid-stage data. Except for those factors,

subgroups partitioned by the patients’ radiation status also show an interaction effect with

the systemic therapy treatment (systemic therapy vs. no systemic therapy) (Appendix Table

B.6). It indicates that in terms of the vital status, patients who received radiation had

a different treatment effect from systemic therapy compared to the patients who did not

receive any radiation, especially when considering their age, gender and progression status.

The results for the second treatment condition (TKI vs. other therapies) echo what we got

from the previous sections (Appendix Table B.6).
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Table B.5: Patient Characteristics in Two Treatment Groups: Vital Status Outcome with
T1

T1 = 0 T1 = 1

(n = 21) (n = 129)

No. % No. %

Age Mean (SD) 72.50 12.99 64.34 12.24

Packs Median (IQR) 1.20 (0.00, 30.00) 0.00 (0.00, 20.00)

Gender
Male 6 28.57 45 34.88

Female 15 71.43 84 65.12

Stage
Early Stage 10 47.62 23 17.83

Late Stage 11 52.38 106 82.17

Surgery
Yes 4 19.05 21 16.28

No 17 80.95 108 83.72

Radiation
Yes 10 47.62 84 65.12

No 11 52.38 45 34.88

Progression Yes 1 4.76 50 38.76

Progression No 20 95.24 79 61.24

Recurrence
Yes 3 14.29 28 21.71

No 18 85.71 101 78.29

Outcome Variables

Vital Status
Alive 7 33.33 31 24.03

Dead 14 66.67 98 75.97

Table B.6: Results for the SIDES: Vital Status Outcome

Treatment Condition Imputation Method Subgroup

T1 MIEM
{ Progression = 0 and Radiation = 1 }

{ Progression = 0 and Radiation = 1 and Age ≥ 53.7 }
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Table B.6: Results for the SIDES: Vital Status Outcome

Treatment Condition Imputation Method Subgroup

T1

MIEM
{ Progression = 0 and Radiation = 1 and Gender = 1 }

{ Progression = 0 and Gender = 1 and Packs ≤ 36.2 }

MIPMM

{ Progression = 0 and Radiation = 1 }

{ Progression = 0 and Radiation = 1 and Age ≥ 53.7 }

{ Progression = 0 and Radiation = 1 and Gender = 1 }

{ Progression = 0 and Gender = 1 and Age ≤ 72.7 }

T2

MIEM

{ Age > 75.5 }

{ Age > 75.5 and Recurrence = 0 }

{ Age > 75.5 and Progression = 0 }

{ Age > 75.5 and Packs ≤ 0 }

MIPMM

{ Age > 75.5 }

{ Age > 75.5 and Recurrence = 0 }

{ Age > 75.5 and Progression = 0 }

{ Age > 75.5 and Packs ≤ 5 }
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