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ABSTRACT
In this research, we present several methods for analysis of healthcare information, and explore
the structure of decision making for an optimal strategy to improve healthcare under dynamically
changing circumstances. We develop a framework for collectively and quantitatively interpreting
information from multiple sources by utilizing both techniques prevailing in the social sciences and
quantitative approaches. We then explore real healthcare applications by examining sequential
information, which can be often observed in the healthcare area. Meanwhile, the decision-making
process is as important as the analysis of information, and it tends to be complicated when there is
only limited information under uncertainty. Therefore, we model a stochastic sequential decision
making problem under such constraints and examine the structure of an optimal strategy in patient
intervention in terms of cost-effectiveness.
The main applications of this research lie in the areas of healthcare and prevention services.
We consider three different applications. First, we apply the suggested framework to the analysis
of multiple healthcare survey instruments that have been used for assessing the elderly with
Delirium Superimposed on Dementia (DSD). Through our analysis, we validate the performance
of a newly developed instrument that can assess a patient's DSD in a home care setting. As another
healthcare application, we focus on Obstructive Sleep Apnea (OSA), a type of sleep disorder, and
address the issue of adherence in using Continuous Positive Airway Pressure (CPAP) treatment.
Through various data mining approaches, we classify and cluster patients according to the pattern
of their adherence to CPAP. We also explore stochastic behaviors in using CPAP and formulate
Markov models and related decision making models using a Markov Decision Process (MDP),
suggesting a guideline for cost-effective strategies to improve adherence. Prevention services,
which aim to improve the mental health of youth, are studied as another healthcare application of
iii

this research. For this application, we prioritize a variety of prevention services by modeling a
budget problem, and examine ways to improve the quality of implementation.
The contributions of this research can be summarized as follows: first, to our knowledge, the
framework for the analysis of information that we develop here is the first attempt to quantitatively
measure the level of triangulation and complementation among multiple information sources. With
the suggested framework, a researcher can infer the informational relationships underlying multiple
information sources, thereby developing new insights for understanding and improving
assessments used in the healthcare area. Second, the decision making models developed here can
be applied to several types of intervention policy problem in which many uncertainties are involved.
Lastly, the techniques and examples discussed here demonstrate the use of healthcare information
to make inferences to develop valuable information and establish cost-effective strategies for action
in the healthcare research and practice.

iv

TABLE OF CONTENTS
LIST OF FIGURES ....................................................................................................................... viii
LIST OF TABLES ........................................................................................................................... ix
ACKNOWLEDGEMENTS .............................................................................................................. xi
CHAPTER 1 INTRODUCTION ....................................................................................................... 1
1.1 BACKGROUND ..................................................................................................................... 1
1.2 RESEARCH OBJECTIVES ........................................................................................................ 2
1.3 THESIS OUTLINE .................................................................................................................. 3
CHAPTER 2 LITERATURE REVIEW ............................................................................................ 4
2.1 COMBINED ANALYSIS OF INFORMATION ................................................................................. 4
2.2 QUANTITATIVE METHOD FOR ANALYSIS OF INFORMATION........................................................ 6
2.3 ANALYSIS OF SEQUENTIAL INFORMATION............................................................................... 8
2.4 DYNAMIC DECISION-MAKING IN THE HEALTHCARE ................................................................ 10
CHAPTER 3 ANALYSIS OF DATA FROM MULTIPLE HEALTHCARE SURVEY
INSTRUMENTS ............................................................................................................................. 12
3.1 INTRODUCTION ................................................................................................................. 12
3.2 COMPARISON OF MULTIPLE HEALTHCARE SURVEY INSTRUMENTS ........................................... 14
3.2.1 Mutual information as a measure ................................................................................ 14
3.2.2 A procedure for a quantitative triangulation ................................................................. 15
3.2.3 Variants of healthcare survey instrument comparisons .................................................. 22
3.3 PILOT STUDY: COMPARISON OF DIAGNOSTIC SURVEY INSTRUMENTS USED IN THE CARE OF THE
ELDERLY ...................................................................................................................................... 26

3.3.1 Detecting delirium superimposed on dementia (DSD) from the elderly ........................... 27
3.3.2 Quantitative triangulation on the instruments having the same diagnostic purpose .......... 28
v

3.3.3 Quantitative complementation for instruments with different diagnostic purposes ........... 35
3.4 CHAPTER SUMMARY .......................................................................................................... 38
CHAPTER 4 ANALYSIS OF SEQUENTIAL DATA IN HEALTHCARE ...................................... 40
4.1 INTRODUCTION ................................................................................................................. 40
4.2 UNDERSTANDING CPAP USAGE PATTERNS ........................................................................... 42
4.2.1 Data description ........................................................................................................ 42
4.2.2 State definition ........................................................................................................... 43
4.2.3 Sequence classification mining using PST .................................................................... 44
4.2.4 Prediction of CPAP usage .......................................................................................... 46
4.3 UNDERSTANDING CPAP ADHERENCE .................................................................................. 47
4.3.1 Description of the data set .......................................................................................... 47
4.3.2 Sequence clustering data mining ................................................................................. 48
4.3.3 Classification of adherence pattern at the earlier stage ................................................. 50
4.4 CHAPTER SUMMARY .......................................................................................................... 56
CHAPTER 5 DECISION-MAKING AND COST-EFFECTIVENESS ............................................. 58
5.1 INTRODUCTION ................................................................................................................. 58
5.2 MARKOV MODEL FOR CPAP ADHERENCE LEVEL ................................................................... 60
5.2.1 Estimation of transition probabilities ........................................................................... 60
5.2.2 Interpretation of estimated transition probabilities ....................................................... 62
5.3 MDP MODEL FOR CPAP ADHERENCE LEVEL ........................................................................ 64
5.3.1 MDP model definition ................................................................................................ 64
5.3.2 Structural properties .................................................................................................. 65
5.3.3 Assumptions on probable interventions ........................................................................ 67
5.4 CHARACTERISTICS OF COST-EFFECTIVE INTERVENTION POLICY .............................................. 70
vi

5.4.1 Characteristics of cost-effective intervention policy for non-adherers ............................. 70
5.4.2 Cost-effectiveness of interventions ............................................................................... 72
5.5 CHAPTER SUMMARY .......................................................................................................... 76
CHAPTER 6 MODELING AND ANALYSIS OF PREVENTION SERVICES................................ 79
6.1 INTRODUCTION ................................................................................................................. 79
6.2 PRIORITIZATION OF EBPS IN A PLANNING STAGE................................................................... 80
6.2.1 Model formulation ..................................................................................................... 81
6.2.2 Estimation parameters................................................................................................ 82
6.2.3 Priority among EBPs.................................................................................................. 84
6.3. MODELING EBP IMPLEMENTATION AS MDP........................................................................ 86
6.3.1 Model definition ......................................................................................................... 86
6.3.2 Illustration 1: Stochastic dynamics of EBP ................................................................... 88
6.3.3 Illustration 2: Decision making in EBP implementation using MDP ............................... 89
6.4 IT SYSTEM FOR PREVENTION SERVICES ................................................................................ 91
6.5 CHAPTER SUMMARY .......................................................................................................... 94
CHAPTER 7 CONCLUSIONS AND FUTURE RESEARCH .......................................................... 96
REFERENCES ............................................................................................................................... 98

vii

LIST OF FIGURES
FIGURE 3-1 A FLOW CHART OF A QUANTITATIVE TRIANGULATION APPROACH ............................................... 16
FIGURE 3-2 EXAMPLE OF AGREEMENT SECTIONS ASSIGNED IN A CONTINGENCY TABLE ................................. 18
FIGURE 3-3 EXAMPLE OF AN AREA OF INTEREST ASSIGNED IN A CONTINGENCY TABLE .................................. 24
FIGURE 4-1 PST (LEFT) AND PROBABILITY DISTRIBUTION OF EACH NODE (RIGHT)......................................... 45
FIGURE 4-2 SEQUENCE CLUSTERING ANALYSIS UNDER NON-HIERARCHICAL SETTING DESIGNATING 2
CLUSTERS .............................................................................................................................................. 49

FIGURE 4-3 STATE TRANSITION DIAGRAM IN A 2-CLUSTERS CASE .................................................................. 50
FIGURE 5-1 BOUNDARY PRICE ($) OF AN INTERVENTION GIVEN IMPROVEMENT RATIO, ΑH AND ΒH ............... 71
FIGURE 5-2 OPTIMAL POLICY FOR THREE-ACTION CASE (TWO FREQUENT INTERVENTIONS AND ‘DO NOTHING’)
.............................................................................................................................................................. 76
FIGURE 6-1 PERCENTAGE OF FULFILLMENT OF DEMAND ................................................................................ 85
FIGURE 6-2 DYNAMICS OF SC WITHOUT PREVENTION INTERVENTION ........................................................... 89
FIGURE 6-3 DYNAMICS OF SC WITH PREVENTION INTERVENTION .................................................................. 89
FIGURE 6-4 STEADY STATE PROBABILITY FOR SCENARIOS WITH AND WITHOUT PREVENTION INTERVENTION
.............................................................................................................................................................. 90
FIGURE 6-5 ILLUSTRATION OF OPTIMAL ACTION FOR EACH STATE OVER 30 DECISION EPOCHS ...................... 90
FIGURE 6-6 EXAMPLE OF USER INTERFACE FOR MST PROGRAM IMPLEMENTED IN INSPIRE (LEFT: AN
INTERFACE FOR ENROLLMENT DATA; RIGHT: A REPORT FROM MST) .................................................... 93

FIGURE 6-7 SOFTWARE ARCHITECTURE OF INSPIRE ..................................................................................... 94

viii

LIST OF TABLES
TABLE 3-1 A PROCEDURE FOR A QUANTITATIVE TRIANGULATION APPROACH ............................................... 15
TABLE 3-2 A PROCEDURE FOR A QUANTITATIVE COMPLEMENTATION APPROACH .......................................... 24
TABLE 3-3 DIFFERENT INSTRUMENTS USED IN THE PILOT STUDY ................................................................... 28
TABLE 3-4 A CONTINGENCY TABLE FOR CAM AND FAM-CAM (AGREEMENT SECTIONS ARE SHADED.) ...... 30
TABLE 3-5 MUTUAL INFORMATION OF PRIMARY FEATURES BETWEEN CAM AND FAM-CAM...................... 31
TABLE 3-6 QUANTITATIVE TRIANGULATION ANALYSIS OF CAM AND FAM-CAM FOR A GROUP USING
SMARTPHONES ....................................................................................................................................... 32

TABLE 3-7 QUANTITATIVE TRIANGULATION ANALYSIS OF CAM AND FAM-CAM OF NAYLOR’S STUDY ..... 32
TABLE 3-8 A CONTINGENCY TABLE AMONG CAM, DRS AND FAM-CAM .................................................... 34
TABLE 3-9 MUTUAL INFORMATION BETWEEN THE TWO PAIRS ....................................................................... 35
TABLE 3-10 A CONTINGENCY TABLE BETWEEN CAM AND MMSE................................................................ 36
TABLE 3-11 A CONTINGENCY TABLE BETWEEN DRS AND MMSE ................................................................. 36
TABLE 3-12 A CONTINGENCY TABLE BETWEEN FAM-CAM AND MMSE...................................................... 36
TABLE 3-13 RESULTS OF LOCAL MUTUAL INFORMATION ON THE AREA OF INTEREST ..................................... 37
TABLE 3-14 KL DIVERGENCE RESULTS .......................................................................................................... 38
TABLE 4-1 SUMMARY STATISTICS (N=92)..................................................................................................... 43
TABLE 4-2 STATE DEFINITION ........................................................................................................................ 44
TABLE 4-3 PARAMETERS FOR THE PST ALGORITHM ...................................................................................... 45
TABLE 4-4 BINARY LOGISTIC REGRESSION RESULTS (EVENT: NONADHERENCE) ........................................... 52
TABLE 4-5 NAÏVE BAYES CLASSIFIER WITH THE FEATURES SELECTED BY WRAPPER APPROACH .................... 53
TABLE 4-6 COMPARISON BETWEEN NAÏVE BAYES CLASSIFIER WITH 4 FEATURES AND 5 FEATURES .............. 54
TABLE 4-7 LOCAL MUTUAL INFORMATION FOR EACH AREA OF INTEREST ...................................................... 55
TABLE 4-8 AVERAGE KL-DIVERGENCE FOR EACH PAIR ................................................................................. 56
TABLE 5-1 ESTIMATED TRANSITION PROBABILITY ......................................................................................... 63
ix

TABLE 5-2 INTERVENTION SCENARIO AND ESTIMATED STEADY STATE PROBABILITIES FOR EACH SCENARIO . 74
TABLE 5-3 THREE EXPERIMENT SETS ............................................................................................................. 75
TABLE 6-1 THE DETAILS OF INPUT PARAMETER USED IN THE MODEL ............................................................. 83
TABLE 6-2 ORDER OF EACH EBP BY SEVERAL CRITERIA ................................................................................ 86

x

ACKNOWLEDGEMENTS
I would like to express my thanks to Professor Vittaldas V. Prabhu, my dissertation advisor.
Also, I would like to acknowledge the other members of my committee: Professor Paul Griffin,
Tao Yao, Ann M. Kolanowski, Donna Fick and Amy M. Sawyer. My special thanks are extended
to my friends in DISCRETE lab and PSU IE KSA.
Most of all, I am grateful to my parents, parents-in-law and brothers for their constant support
and encouragement throughout my study. Also, I would like to express my heartfelt appreciation
and love to my wife, Yoon Lee, and celebrate this completion with her and our baby, who will be
born in October.

xi

CHAPTER 1
INTRODUCTION
1.1 Background
Information is often called the foundation of healing (Durston 2006). In the real world, however, the
amount of information available is formidable and the rate at which it is being produced is rapidly increasing.
The availability of such large quantities of information raises the issue of analysis for inferring meaningful
outcomes. From the perspective of information analysis, the correct approach must be used to properly
analyze the information gained from multiple sources. A number of social science studies have established
methodological approaches for better understanding a variety of phenomena occurring in the real world. In
the meantime, advances in a data mining and statistics have contributed to quantitatively engineer the
collected information by extracting and converting it, and using it to understand or even predict real world
processes and outcomes.
In the healthcare area, utilizing data is essential to decision making in various situations. In reality,
however, the environment around the situation randomly influences the outcomes, which leads to
uncertainty, and requires us to make decisions dynamically. One interesting feature of uncertainty is that
different patients will respond differently to assessments or treatments (Schaefer, et al. 2005), and it is
highly likely that insufficient information will be available for decision making. Due to such uncertainty,
many medical decision making processes are too complicated to be solved only by intuition (Alagoz, et al.
2010). To cope with these challenges, there have been a number of studies on stochastic sequential decisionmaking problems, and such approaches have been widely used in the area of medical decision making in
the last decade (Alagoz, et al. 2004, Hauskrecht and Fraser 2000, Kang, et al. 2013, Kirkizlar, et al. 2010,
Schaefer, et al. 2005).
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Prevention services in education, which is another application of this research, have emphasized the
danger of antisocial, criminal, and disruptive behavior of youths. In a broader view, prevention services can
be regarded as a healthcare service, in that it mainly focuses on youth mental health care. Recent studies in
prevention services have brought the topics into the frame of scientific research by employing the concept
of evidence-based prevention (Collins, et al. 2004, Greenberg 2004, Greenberg, et al. 1999, Greenberg, et
al. 2001, Kang and Prabhu 2011). From this perspective, engineering prevention services through modeling
and analysis may improve the quality of implementation.
We can summarize the motivation of this research as follows:
- Information must be analyzed using the correct technique if it is to be used as input for better decisionmaking
- In healthcare, uncertainties can exist and they can hinder the decision-making process.
- Prevention services, which is another type of healthcare application, also requires careful design to
improve the quality of service

1.2 Research objectives
The objectives of this research are 1) to develop a framework for information analysis, and 2) to model
a stochastic decision making process that can be generally applied in the field of healthcare. Specifically,
we employ an information theoretic approach to develop the framework and apply it to a home care
application. As another type of analysis of information, we apply data mining approaches to the analysis of
sequential data from on-going chronic care. For a stochastic decision making model, we suggest a guideline
for the sequence of activities to make an intervention policy cost-effective over a given time period. Details
of methodological objectives and application are described below.
Methodological perspective
2

- Develop a method for analysis of information and use of sequential data mining for healthcare
applications
- Explore the structure of a decision making problem in a healthcare area and reveal the conditions that
make the decision cost effective
Application perspective
- Validate newly developed healthcare assessment in area of elderly care
- Suggest guidelines for a cost-effective policy for improving behavioral patterns for treatment of a
given symptom
- Model and analyze a prevention service for youth mental health care
1.3 Thesis outline
In Chapter 2, we review the techniques that are currently used for the topics covered in this research.
In Chapter 3, we propose a method of information analysis that can collectively interpret information
coming from multiple information sources. To illustrate the suggested method, we use the results from a
pilot study of patients with delirium superimposed on dementia (DSD), a syndrome that can occur in the
elderly. In Chapter 4, we include an application in which various data mining approaches are used to analyze
sequential-type healthcare information. In Chapter 5, we explore the dynamics underlying healthcare data
and the structure of an optimal decision-making process for a cost-effective policy. To illustrate the data
analysis and decision making processes developed in Chapter 4 and Chapter 5, we apply them to data
gathered from patients with obstructive sleep apnea (OSA), a type of sleep disorder. In Chapter 6, we apply
modeling and analysis techniques in prevention services and illustrate the results. Finally, we include
concluding remarks and suggest potential future directions for this research in Chapter 7.
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CHAPTER 2
LITERATURE REVIEW
We review prevailing techniques related to the research in this chapter. For a perspective of information
analysis, we first review numerous methods for analysis of information and quantitative approach to analyze
information. In particular, we focus on a combined analysis when we deal with multiple number of
information. Also, we review the literature dealing with analysis techniques on a sequence data, which is a
data type that we can often observe in the healthcare area. Finally, we review the Markov model and the
related decision-makings approaches, which can be applied to the situations where sequential decisionmakings are required in the healthcare area.

2.1 Combined analysis of Information
Research in the social sciences has identified the potential benefits of a combined methods approach
for investigating health outcomes represented by heterogeneous data sources such as quantitative or
qualitative data. Triangulation is one of the complex research techniques using two or more data methods
or opinions in order to corroborate confidence of the findings (Denzin 1978). Usually, a triangulation
analysis occurs when a researcher tries to combine qualitative and quantitative data for enhancing the
findings. In particular, a triangulation approach not only explains the congruency among the data but can
possibly provide new insights on the phenomenon being studied. For example, when an agreement is
observed across two or more data types, we can corroborate our belief such that the result truly reflects the
real world. Even when disagreement results, a triangulation analysis can guide us to examine the outcomes
to discover factors that cause such paradoxical outcomes, thereby gain a better understanding of the real
world, or even entirely new findings (Rossman and Wilson 1985).
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In the case where more than two different data sources or methods are used, interactions among the
outcomes may result in enhanced meaning of the findings (e.g synergy) or may indicate redundancy among
them. As another possibility, an inconclusive situation also can occur when outcomes from a certain method
do not significantly affect those from other methods. Generally, such situations can occur due to the
following reasons: 1) the compared methods are independent from each other; 2) the sample size is too
small; or 3) the sample is too biased (Kang, et al. 2010).
In summary, when we try to triangulate the outcomes from multiple sources, we may be faced with the
following scenarios:


Convergence: The outcomes from multiple data show some extent of agreement, and the conclusion
based on the outcomes can be used as a method of describing the real world (Denzin 1978).



Contradiction (or paradox): The outcomes from multiple data show some extent of disagreement,
and we cannot unify the outcomes (Rossman and Wilson 1985).



Inconclusive: The outcomes from multiple sources do not show sufficient evidence to explain their
association.
Compared to triangulation approaches, complementation approaches deals with methods that have

different perspectives. By combining the results from different perspectives, the outcomes could enhance
the meaning of each original outcome (Greene and McClintock 1985). Since those methods have different
perspectives, information from each method plays a role of supplementary information with each other and
thus collectively more fully explains the whole, complex, phenomenon.
Traditionally, a combining methods approach mainly deals with both quantitative and qualitative
information. In this research, however, we limit the type of information to only quantitative information
when analyzing different outcomes collectively. To avoid confusion, we name those approaches as a
quantitative triangulation approach and a quantitative complementation approach, respectively. Also, each
5

approach will employ the terms defined in the traditional combining methods approach for clarifying the
meaning of outcomes.

2.2 Quantitative method for analysis of information
We have seen various approaches for a combined analysis in the social sciences in the previous section.
Those approaches, however, are not based on quantitative models for the analysis. In this section, we review
quantitative approaches that can be used for a combined analysis. Numerous techniques to reveal
relationships among outcomes from multiple methods have been developed in the area of computer science
and statistics, including the following:


Inter-rater reliability approaches: Cohen’s kappa coefficient, Fleiss’ kappa



Association analysis: ANOVA, mutual information, odds ratio, and several measures for data
mining
First, inter-rater reliability approaches were developed to test for congruency and/or evaluate

consistency among different raters, agents or diagnostic methods (Gwet 2001). Since we want to compare
outcomes from different methods and test their agreement when they examine the same phenomenon, we
primarily focus on the first purpose of inter-rater reliability approach, which is about capability in
measuring congruency among data.
For a simple approach for evaluating congruency of data, a raw agreement index can be used. This
index can be obtained by simply calculating the portion of agreement sets over the entire sets. As for another
measure, Cohen’s kappa coefficient measures the level of agreement among two raters by using the term
of chance agreement (Cohen 1960). Although Cohen’s kappa has been widely used since it can be
calculated easily, it is only valid in the case of two raters and needs an assumption of independent raters
(Uebersax 1987). For dealing with multiple raters, Fleiss’ kappa can be considered for evaluating
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congruency but it provides relatively weak evidence on the significance level (Gwet 2001). Also, the results
from both Cohen’s kappa and Fleiss’ kappa are often difficult to be applied across studies without an error
generation model (Klemens 2012).
As another candidate analysis, we also focused on several association analyses and the related tools
that explain relationships among various types of data. An association among data can be interpreted as
dependency among data. We say dependency exists when one element of data changes and the other
element of data also changes. In fact, many statistical approaches examine dependency among the data,
thus they can be considered as a measure for an association analysis.
In terms of comparing independent groups, Analysis of Variance (ANOVA) may be considered in that
it compares two or more groups by testing difference of means. However, ANOVA requires continuous
variables as outcome variables. Thus, if we want to compare more general types of data including
categorical outcomes (e.g. binary outcome), then we need to consider a contingency table instead of
ANOVA. Generally, binary outcomes such as a positive and negative outcome can be conveniently
classified by discrete categories in a contingency table. For quantitative data, the categories can be classified
by a range like 10–30 and 30–50 units in the table. For this reason, a contingency table is often used as a
tool for an association analysis.
In the area of data mining, a variety of measures are used for association analysis. Such measures can
determine an association pattern in the data, and each measure has its own characteristics to draw out
specific patterns underlying the data (Tan, et al. 2004). Of such measures, odds ratio evaluates the strength
of association between the two data. Also, since odds ratio can be calculated easily, it is widely used to
conveniently explain the level of association among the data, especially when validating alternative medical
treatments.
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As another measure, mutual information, based on information theory, is often used to reveal an
association among the data. Mutual information measures the amount of shared information among the
random variables as shown in Eqn. 2-1 (Cover 2006)
𝐼(𝑋; 𝑌) = ∑𝑥∈𝑋 ∑𝑦∈𝑌 𝑃(𝑥, 𝑦)𝑙𝑜𝑔

𝑃(𝑥,𝑦)
𝑃(𝑥)𝑃(𝑦)

(Eqn. 2-1)

where X and Y stands for a random variable. In particular, such mutual information metrics can be used
for measuring the level of agreement among the data (Kang, et al. 2010, Klemens 2012). In other words,
mutual information is a measure representing not only association relationship but also congruency among
data. Theoretically, mutual information is the sum of local mutual information, which is
𝑃(𝑥, 𝑦)𝑙𝑜𝑔

𝑃(𝑥,𝑦)
𝑃(𝑥)𝑃(𝑦)

. Such local mutual information is often regarded as an important metric that is used for

information retrieval (Bouma 2009). For a simpler form of the local mutual information, point-wise mutual
information (PMI), which is 𝑙𝑛

𝑃(𝑥,𝑦)
𝑃(𝑥)𝑃(𝑦)

can be used for measuring co-occurrence among different

information. Sometimes, such PMI is converted to Normalized PMI (NPMI) or PMI k family for efficiently
dealing with bound conditions and providing insightful meaning (Bouma 2009, Evert 2005). In the
following sections, we will elaborate the benefit in using mutual information and the related information
theoretic measures as representative metrics for healthcare survey instruments comparison, and suggest a
procedure on how to compare with different methods based on the measures.
2.3 Analysis of sequential information
Many information existing in healthcare area is often formed as sequential type of information. Daily
vital records or changes of symptoms over the time periods could be a good example for a sequential type
of information in the healthcare area. Due to the nature of sequential information, analyzing the sequential
information can be demanding because of its large volume of data to be analyzed. In this case, we can
utilize data mining approach, which is a process of extracting previously unknown but meaningful
8

information from a large amount of data (Witten and Frank 2005). In general, data mining can be
categorized into prediction, association, classification, and clustering approaches. Each approach has a
variety of techniques and corresponding techniques to extract data, thus the application of the technique is
selective and depends on the mining purpose. In this dissertation, we primarily focused on a sequence data
mining approach since we deal with the application in which sequential data appears.
For a sequence data mining, we consider sequence classification and sequence clustering techniques to
explore sequential data. Compared to conventional classification and clustering, sequence data mining is
specialized for extracting underlying information hidden in a sequential data. First, sequence classification
is used to predict the next possible sequence (i.e., state), given the trained model using classifiers such as
boundary-base classifiers or generative classifiers (Sarawagi 2005). For example, the Markov model is a
generative classifier, and is beneficial to express the chances of generating sequences by limiting the
amount of past information that needs to be considered. Generally, the n-order of Markov model can be
expressed as follows:
𝑃(𝑥𝑖 |𝑥1 , 𝑥2 , … , 𝑥𝑖−1 ) = 𝑃(𝑥𝑖 |𝑥𝑖−𝑛, 𝑥𝑖−𝑛+1 , … , 𝑥𝑖−1 )

(Eqn. 2-2)

where 𝑥𝑖 stands for the current state and 𝑛 for the length of history. Because of the computational issues
as n increases, a variable order Markov model such as Probabilistic suffix trees (PST) or Probabilistic suffix
automata (PSA) has been suggested (Begleiter, et al. 2004, Bejerano and Yona 2001, Ron, et al. 1996).
Compared to conventional classification operations such as the Naïve Bayes classifier, using Markov
models could be beneficial in a sequence classification because they can efficiently predict the probabilities
of generating sequences (Sarawagi 2005).
The sequence clustering approach is also beneficial for grouping individuals, given sequence data. Like
conventional clustering approaches, the sequence clustering approach assigns similar sequence patterns in
the same group while data with dissimilar sequence patterns is assigned to a different group. Interestingly,
9

Markov models can be employed to perform a sequence clustering approach (MacLennan, et al. 2008). In
this case, the transition probabilities of the Markov models are used as a probability distribution for each
cluster and combined with a prior to calculate posterior probability of a sequence belonging to the
corresponding cluster.

2.4 Dynamic decision-making in the healthcare
Good decision-making in the healthcare can be made based on well-accumulated and analyzed
knowledge base. In the meantime, a process of decision-makings can be affected by unknown and dynamic
situations surrounded by decision-makers. In this Section, we review the current status of a medical
decision-making problem occurring in the healthcare area, especially on the situations having stochastic
environment.
As a type of mathematical system describing dynamics, a decision tree can be used to simply enumerate
and discover the best action. As the complexity of the problem increases, however, such a decision-tree
approach tends to result in a tree explosion, which makes analysis impractical (Schaefer, et al. 2005). A
Markov model can be a good alternative to a decision-tree approach, as it utilizes states and transition
probabilities that enable simpler and more intuitive notations in describing the dynamics of a system. In
light of this advantage, many studies have utilized a Markov model to reveal underlying dynamics in a
variety of areas (Craig and Sendi 2002, Diehr and Patrick 2001, Olsen, et al. 2012, Shachtman and Feuer
1980, Trinkl 1974). A Markov decision process (MDP) is built by adding multiple actions and the
associated reward resulting from each action and the current state on a Markov model. Different actions of
an MDP result in different dynamics and thereby different transition probabilities from the current state.
The objective of MDP is to identify the policy, which consists of a set of actions corresponding to various
states, for optimizing the reward over the specified time.

10

In the healthcare, many studies have used MDP approaches to identify policies that optimize costeffectiveness of various types of rewards. Many applications also include finding out the best timing or
frequency of a test or intervention for a particular disease (Campos-Rodriguez, et al. 2012, Hauskrecht and
Fraser 2000, Kirkizlar, et al. 2010, Wozniak, et al. 2014) or operational problems that can occur in a hospital,
clinic or emergency room (e.g., scheduling, assignment, or routing) (Basoglu, et al. 2012, Koeleman, et al.
2011). A liver or kidney transplantation problem as an MDP, for example, is done to make a sequential
decision about whether to transplant or to wait by considering the patient’s current health status and the
expected years of additional life as a reward term (Wozniak, et al. 2014). Examples of operational problems
that have utilized MDP include planning and scheduling of home healthcare staffs (Koeleman, et al. 2011)
or elective surgery problems (Basoglu, et al. 2012); these studies serve as good examples in obtaining a
cost-effective strategy under a stochastic environment. One interesting technical point is that none of the
Markov models in this research contain absorbing states (e.g. death as a health status) or any zero-or-one
steady state probabilities, which are frequently mentioned in many other MDP application papers dealing
with disease. Considering this characteristic, MDP problems in this research can provide an insight into
chronic care management in which life-time care for a patient is necessary
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CHAPTER 3
ANALYSIS OF DATA FROM MULTIPLE
HEALTHCARE SURVEY INSTRUMENTS
We present an integrated framework, namely a quantitative triangulation and complementation
procedure, which derives meaningful information from the outcomes of multiple healthcare survey
instruments. A variety of information theoretic measures such as mutual information and interaction
information are proposed for quantitatively measuring the amount of information shared by outcomes from
multiple instruments. For a novel interpretation of such outcomes, we employ prevailing concepts used in
many social science studies such as mixed methods and triangulation analysis, which were reviewed in
Section 2.1. Finally, with the suggested framework, we compare and analyze several healthcare survey
instruments used in a specific pilot study conducted for the care of the elderly. We introduce mathematical
background for researchers in social sciences who want to quantitatively evaluate their combined methods
analysis, and propose useful measures for healthcare researchers who want to validate their newly
developed healthcare survey instruments.
3.1 Introduction
Numerous healthcare survey instruments exist to identify or evaluate individual health status. Many are
used to diagnose a particular symptom, serving as a diagnostic survey instrument. Sometimes multiple
healthcare survey instruments are used and compared for the purpose of either corroborating a
This chapter is based on the following article: Kang, Y., Prabhu, V.V., Steis, M.R., Kolanowski, A.M. and Fick, D.M. A quantitative
triangulation and complementation analysis of multiple healthcare survey instruments, In Submitted to IIE transactions on
healthcare systems engineering
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patient’s symptom or validating other instruments. Furthermore, multiple healthcare survey instruments
may examine either the same aspect or different aspect of a particular phenomenon. Comparing multiple
instruments having the same diagnostic purpose occurs more frequently and naturally during healthcare
research. Generally, a healthcare researcher uses the gold standard instrument, which is believed to
adequately explain a patient’s true health status, to compare with outcomes of instruments being validated.
In such instances, some questions can arise such as how much they are in either agreement or disagreement.
Another interesting case is a comparison of outcomes from multiple instruments that examine different
attributes. For example, if we examine a variety of symptoms from a patient, we may want to analyze the
different outcomes from multiple instruments collectively to obtain a more precise diagnosis based on the
combined results. Considering this, some interesting research questions arise such as how various outcomes
examined by the instruments will be interpreted collectively even when they have different diagnostic
purposes.
In this chapter we present a framework that quantitatively compares and evaluates outcomes from
multiple healthcare survey instruments. The problem of interpreting different outcomes has been studied in
various areas. In particular, many social science studies propose some useful approaches such as a mixed
methods or a triangulation approach to interpret outcomes from different methodological approaches. In
Chapter 2, we introduced some prevailing perspectives from social science by borrowing their essential
concepts and terms to interpret different experimental outcomes occurring in a healthcare research area,
and also reviewed an association analysis and inter-rater reliability as a tool for interpreting data
collectively. Specifically, we introduced information theoretic measures such as mutual information, local
mutual information and interaction information, that enable us to quantitatively measure the amount of
shared information contained in outcomes from different instruments. In Section 3.3, a framework for
quantitatively triangulating outcomes from different instruments is suggested based on both a social science
approach and an information theoretic approach. With the suggested framework, we compare and analyze
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a number of healthcare survey instruments that were used in a specific pilot study detailed in Section 3.4 of
the chapter. Based on the results, we explore the applicability and limitation of the suggested approach in
Section 3.5.
3.2 Comparison of multiple healthcare survey instruments
3.2.1 Mutual information as a measure
We propose mutual information as a representative metric for comparing healthcare survey instruments
because of its ability to characterize the amount of shared information among different data from different
methods. There are several benefits in selecting mutual information as a measure of method comparison.
First, mutual information can quantitatively measure the level of association among the data. Second, since
mutual information is an information theoretical measure it can be combined along with other information
theoretical measures such as relative entropy or conditional entropy, thereby enhancing the potential for
interpreting the data (Kang, et al. 2010). More importantly, mutual information consists of local mutual
information, which is a linear term representing the amount of local mutual information on shared
information among the data. By observing some sets of local mutual information, we can explain the level
of congruence beyond explaining association among the data. In the following procedure for healthcare
survey instruments comparison we include a more detailed explanation about the use of local mutual
information. Additionally, mutual information can be generalized to interaction information, which enables
us to examine any meaningful interaction (e.g synergy or redundancy) among the data. Therefore the benefit
of mutual information can be summarized as follows:


Measure the level of association among the data as an association metric



Easily combined with other information theoretic approaches (e.g. relative/conditional entropy)



Consists of local mutual information concept to explain the level of congruence among the data
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Can be generalized to interaction information to measure interaction among the data
From a theoretical perspective, the use of mutual information as a metric of agreement can be

beneficial compared to other similar metrics used in an inter-rater reliability. First, it can be easily calculated
without an error generation model (Klemens 2012), so it does not require any additional assumptions when
applied across studies. Moreover, it can be approximated to a chi-square statistic which enables us to do a
statistical testing to measure the level of significance of the mutual information obtained (Gokhale and
Kullback 1978, Miller and Madow 1954).

3.2.2 A procedure for a quantitative triangulation
We propose a quantitative triangulation approach by employing mutual information in light of a
conventional triangulation analysis when the diagnostic purpose of each instrument is the same. The
proposed procedure for quantitative triangulation analysis is summarized as shown in Table 3-1 and as a
flowchart in Figure 3-1.
Table 3-1 A procedure for a quantitative triangulation approach
Step 1. Design a contingency table and collect data using the table
Step 2. Measure mutual information
Step 3. Determine significance of the mutual information
Step 4. Check the sum of the local mutual information on agreement section
Step 5. Interpret the result
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Figure 3-1 A flow chart of a quantitative triangulation approach

3.2.2.1 Step 1: Design a contingency table and collect data using the table
A contingency table is commonly used for the aggregation of data under a category (Gokhale and
Kullback 1978). Generally, some types of qualitative data can be classified by discrete categories in a
contingency table, such as a positive and negative outcome. For all quantitative data, the categories can be
classified by a range like 10–30 and 30–50 units. In this case, such binary outcomes can be summarized
using a 2×2 contingency table as shown on the left in Figure 3-2. In the figure, 𝑥𝑖𝑗 stands for frequency of
data that belong to the i th row and j th column. Note that quantitative information can be lost during
classification. For example, when we try to divide quantitative information by an interval such as 10-30
units, we may not recover original value (e.g a specific number from 10 to 30 units) once the data is
aggregated in the form of a contingency table. For this reason, when we design a contingency table, we
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should be aware of which information could be lost and how much of an impact it would have on the overall
results.
Once a contingency table is made, the next step is to determine which cells in the table explain either
agreement or disagreement among the data. For convenience, the cell explaining agreement or disagreement
among the data is defined as an agreement section and a disagreement section, respectively. Also, each
category of each instrument should contain at least one agreement section and one disagreement section
assigned in the table. The matrix shown on the left in Figure 2 has two agreement sections (PositivePositive, Negative-Negative) and two disagreement sections (Positive-Negative, Negative-Positive).
Intuitively, these sections can be easily distinguished in case of a binary classification. However, if a
contingency table contains more than 2 columns or rows, then those sections would not be easily
distinguished by only intuition. The right figure in Figure 3-2 shows one of the possible examples when it
comes to determining the sections in a 2×3 contingency table. To determine those sections it is
recommended to discuss with experts who are familiar with the instruments used in the experiment. Above
all, assigning agreement or disagreement sections in a contingency table depends on the corresponding
knowledge and characteristics of each instrument, thus the way to assign those sections of the contingency
table containing more than 2 columns or rows can vary.

17

Figure 3-2 Example of agreement sections assigned in a contingency table

3.2.2.2 Step 2: Measure mutual information
Once a contingency table is organized, we then measure the amount of shared information among the
instruments by calculating mutual information. Mutual information between the two instruments in a
contingency table can be defined as follows.
𝑛
𝐼(𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐴; 𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐵) = ∑𝑚
𝑖=1 ∑𝑗=1 𝑃(𝑥𝑖𝑗 ) log 2

𝑃(𝑥𝑖𝑗 )
𝑃(𝑥𝑖∙ )𝑃(𝑥∙𝑗 )

(Eqn.3-1)

where m, n are the number of categories of instrument A and B, respectively, and 𝑃(𝑥𝑖𝑗 ) is the
probability of 𝑥𝑖𝑗 . Each probability used in the term can be calculated using the frequency information of
each cell. We measure mutual information in a bit, so we use the logarithm to the base 2. Also, we use the
0

𝑝

𝑝

0

convention such that 0𝑙𝑜𝑔 = 0 and 𝑝𝑙𝑜𝑔 = ∞, which is 𝑝 ≠ 0. Mutual information has non-negativity
property, so its lower bound is 0. Intuitively, the large amount of mutual information means a high level of
dependency exists among the data and vice versa, and it can be caused by either the high level of agreement
or the high level of disagreement among the data.
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3.2.2.3 Step 3: Determine a significance level of the mutual information
The effectiveness of mutual information as a metric will be somewhat limited without establishing its
significance level. For measuring significance of the mutual information, we can use a technique for
approximating the sample mutual information. In general, over many trials, sample mutual information can
be approximated as a χ2 distribution as shown in Eqn. 3-2 (Gokhale and Kullback 1978)
2n ∙ ln2 ∙ MI ~χ2 (𝑘)

(Eqn. 3-2)

where n is the size of the sample and MI is the mutual information among the outcomes (The base of the
logarithm of MI is 2). It is known that this metric is distributed as a χ2 distribution with degree of freedom,
𝑘. 𝑘 is determined by (the number of rows of a contingency table -1) (the number of columns of a
contingency table -1) (Miller and Madow 1954). From this conversion, the corresponding χ2 statistic can
be calculated to determine the significance of the mutual information in a frame of statistical testing. Also,
this statistic is regarded as a good approximation even when the sample size is as small as 10 (Dawy, et al.
2006).
3.2.2.4 Step 4: Check the sum of the local mutual information on agreement/disagreement section
Compared to other association measures, one of the distinguishing features of mutual information is
that it consists of linear terms representing the local mutual information on agreement or disagreement
sections defined in a contingency table. By using the local mutual information, we can conclude the level
of agreement among different outcomes. Such local mutual information of both sections can be expressed
as below (Kang, et al. 2010).
𝐼𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 (𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐴; 𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐵) = ∑(𝑖,𝑗)∈𝐴 𝑃(𝑥𝑖𝑗 ) log 2

𝑃(𝑥𝑖𝑗 )
𝑃(𝑥𝑖∙ )𝑃(𝑥∙𝑗 )

𝐼𝑑𝑖𝑠𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 (𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐴; 𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐵) = ∑(𝑖,𝑗)∈𝐷 𝑃(𝑥𝑖𝑗 ) log 2
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𝑃(𝑥𝑖𝑗 )
𝑃(𝑥𝑖∙ )𝑃(𝑥∙𝑗 )

(Eqn.3-3)

(Eqn.3-4)

where A stands for a set of agreement sections while D stands for a set of disagreement sections. For
another representation, 𝐼𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 is a weighted mutual information that has weight 1 at agreement sections
while weight 0 at disagreement sections in an original definition of mutual information (Klemens 2012).
Generally, if the sum of local mutual information observed from the agreement sections ( 𝐼𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 )
is greater than that of the disagreement sections ( 𝐼𝑑𝑖𝑠𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 ), it indicates that there exists agreement
among the shared information from the survey instruments. On the contrary, if the sum of local mutual
information measured from disagreement sections (𝐼𝑑𝑖𝑠𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 ) is greater than that of the agreement
sections (𝐼𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 ), it indicates that the shared information contradicts what we expect.
3.2.2.5 Step 5: Interpret the result
Through the steps described above, now we have mutual information and its corresponding statistic to
determine the significance level. With these measures, we can interpret the result in a framework of a
triangulation analysis. Note that there exist three possible outcomes from a triangulation analysis:
convergence, contradiction, and inconclusive. First, in the case of comparing two instruments having the
same diagnostic purpose, we can classify the outcome into three categories; convergence, contradiction,
and inconclusive.
Convergence: If we observe large and significant amounts of mutual information between the
outcomes, we can say that those instruments produce results that have significant dependency or association
with each other. In this case, we have seen that such strong dependency may be caused by either a high
level of agreement or a high level of disagreement. To characterize the dependency, we can compare the
sum of the local mutual information on the agreement area with that on the disagreement area, which is
explained in Step 4. For example, when a significant amount of mutual information and the sum of local
mutual information on the agreement sections is positive and larger than that of the disagreement section,
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we can say the outcomes are showing convergence, therefore the two instruments are mutually explaining
their outcomes.
Contradiction: If we observe a significant amount of mutual information and the sum of local mutual
information of the disagreement area is positive and larger than that of the agreement area, we can say the
outcomes are in contradiction to each other; in turn the two instruments are related in an opposite direction.
In reality, however, such contradiction seems to be unnatural in a pilot study for a validation purpose, given
that a researcher developed a new healthcare survey instrument that will be highly likely to show similar
outcomes to those of existing instruments. Instead, if a researcher observes contradiction among the
instruments, one needs to check a whole procedure conducted for the quantitative triangulation analysis.
As one of the suggestions for checking the procedure, one needs to examine thoroughly the agreement and
disagreement sections defined in a contingency table. If those sections are not properly assigned, then the
local mutual information from the sections could be summed up in a wrong way, leading to contradiction
among the outcomes.
Inconclusive: If we observe only the low level of mutual information from the outcomes, we cannot
conclude the level of triangulation of the outcomes. Therefore, the situation falls under the inconclusive
category, and this situation is caused by either insufficient data to draw out association or an independent
relationship exists between them.
In case of complementation, we will categorize such situation after we introduce the way how to
compare three different data, which will be explained in a healthcare survey instruments comparison having
different diagnostic purposes.
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3.2.3 Variants of healthcare survey instrument comparisons
3.2.3.1 A quantitative triangulation among three healthcare survey instruments
One of the interesting characteristics of mutual information is that it can be extended to the concept of
interaction information when more than two instruments to be compared exist. Theoretically, interaction
information measures the shared information among more than two variables, including interactions among
variables. More importantly, interaction information can measure the effect of interaction existing among
the variables. Interaction information for the triangulation among three outcomes can be expressed as
follows.
𝐼(𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐴; 𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐵; 𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐶)
= 𝐼(𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐴; 𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐵|𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐶) − 𝐼(𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐴; 𝐼𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 𝐵)
= ∑𝐴,𝐵,𝐶 𝑃(𝐴, 𝐵, 𝐶) log

𝑃(𝐴,𝐵|𝐶)
𝑃(𝐴|𝐶 )𝑃(𝐵|𝐶)

− ∑𝐴,𝐵 𝑃(𝐴, 𝐵) log

𝑃(𝐴,𝐵)
𝑃(𝐴)𝑃(𝐵)

(Eqn. 3-5)

While the mutual information has only a non-negative value, interaction information can have a
negative value. Positive interaction and negative interaction has a different interpretation in a quantitative
triangulation. First, negative interaction means some extent of redundancy among the instruments. From
Eqn. 3-5, negative interaction can be the result if the amount of correlation of the first two instruments
without knowing the other instrument is greater than the original correlation of the first two instruments
when knowing the other instrument. In other words, only using the other two known sets of information
can sufficiently explain the third information which is newly added. In this case, we can regard the third
information as being redundant to the other information. Generally, a negative interaction case is often
regarded as a natural situation when there is a high possibility of redundant outcomes from the instruments.
For example, let us suppose that we have the three outcomes from instrument A, B, and C, but instrument
C is redundant to one of the others. In this case, the interaction information among the three instruments
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shows negative value, since the outcomes from instrument C already contain the information that the other
instruments provide. From a triangulation point of view, this negative interaction can be interpreted as
another expression of agreement with a certain pair among the instruments. Thus, we need further
investigation to find out which outcomes are in agreement. For the investigation, we can compare the
outcomes by paring instruments, and calculate mutual information from each pair.
Meanwhile, positive interaction means some extent of synergy exists among the outcomes. From Eqn.
3-5, positive information occurs when knowing the third information, which is the outcome of instrument
C, contributes to reveal certain hidden information that exists between the first two outcomes. In other
words, certain information that was shared but hidden could be revealed due to the knowledge of instrument
C, which means the prior information has been enhanced due to the new information.
Revealing interaction among the methods is followed by further analysis on how such interaction exists.
As explained above, negative interaction means redundancy among the outcomes. Thus, possible further
analysis could be measuring mutual information of each pair. In case of positive interaction case, more
detailed examination by pairing the methods is necessary to reveal the causes of the results. In other words,
both positive interaction and negative interaction cases needs to be examined by pairing the methods and
measuring the mutual information of each pair.

3.2.3.2 A procedure for a quantitative complementation approach
In this section, we suggest a healthcare survey instrument comparison when the diagnostic purpose of
each instrument is different. Unlike the approach suggested in previous sections, we cannot conclude that
there is congruency among methods in this case since each instrument is designed to evaluate a different
aspect, phenomenon or view of the same subject. Under the circumstances, a meaningful approach would
be to reveal any relationship, trend, or amount of shared information among the different instruments. The
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following table illustrates a procedure for healthcare survey instruments comparison when they have
different diagnostic purposes [Table 3-2].
Table 3-2 A procedure for a quantitative complementation approach
Step 1. Design a contingency table and define an area of interest.
Step 2. Calculate the metrics that can explain the relationship among results.
Step 3. Interpret the results.

As the first step, we can consider the same type of contingency table as we designed in the earlier
section. Compared to the earlier case, however, assigning agreement or disagreement areas in the table does
not fit into this situation since each method has a different point of view on a patient’s symptoms. Instead,
we can identify specific areas of interest that are shared by the categories of different instruments. For
example, in the case of a complicated disease showing two different symptoms, we can consider two
different instruments for observing such a complicated disease. Let us assume that those instruments yield
binary diagnostic results (e.g., positive or negative) respectively. Then we may identify and assign a shared
area, consisting of the positive outcome of one method and the positive outcome of the other method, as
the area of interest, as shown in Figure 3-3.

Figure 3-3 Example of an area of interest assigned in a contingency table
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In case of the contingency table in the earlier section, each category of each instrument contained at
least one agreement section and one disagreement section assigned in the table. However, in this case, we
can freely assign such an area of interest according to our research interests, without any restriction.
The next step is to quantify the amount of information on the area of interest. For this, we can utilize
PMI to measure the amount of association trend between different information. Unlike mutual information,
PMI can have either a positive or negative value. In the case of positive PMI, we can speculate that there
exists a positive association trend between the information, while negative PMI stands for a negative
association that might exist between the information we compared it to. Interestingly, since PMI is a part
of the local mutual information, it has the same sign as the corresponding local mutual information.
Therefore, by knowing the sign of the local mutual information, we can figure out the association trend
pattern that appeared in the area of interest.
Another example that might help us to understand relationship among different instruments, we can
consider Kullback-Leibler divergence (KL), which measures the relative distance between two probability
distributions. KL is also known as relative entropy, which is one of the information theoretic metrics. KL
can be defined using the notation 𝐷(𝑃 ∥ 𝑄) and is expressed as follows:
𝐷(𝑃 ∥ 𝑄) = 𝑃 log 2

𝑃
𝑄

(Eqn. 3-6)

where P and Q stand for probability distribution (Cover 2006). In particular, when we have multiple
pairs consisting of different instruments, it can be beneficial to use KL to compare the relative divergence
of each pair. For example, let us say that there are three healthcare survey instruments, A1, A2 and B, and
A1 and A2 have the same diagnostic purpose, 𝑎, while B has a different diagnostic purpose, 𝑏. If we pair
the instruments like (Instrument A1, Instrument B) and (Instrument A2, Instrument B), then we can figure
out which pair has a wider divergence, or examine if both pairs are similar to each other in terms of
combined outcomes, by referring to their KL values.
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From a combining analysis perspective, collectively interpreting the results from different instruments
that have different perspectives can be regarded as a process of complementation. Since we compare the
quantitative information only, we newly define such a process as a quantitative complementation. By using
a quantitative complementation, we can reveal association trend patterns, similarity, or the amount of shared
information among the different instruments. First, through the steps above we obtained local mutual
information about the area of interest. The sign of the local mutual information indicates how the
information about the area of interest correlates to the different instruments. Thus, by referencing the sign
of the local mutual information, we can examine the association trend pattern among the different
instruments. In the case of two or more pairs of instruments, we can use the KL values of each pair to check
the similarity among the pairs. If a certain pair contained a gold standard instrument, then such similarity
measures would indicate the accuracy of the compared instruments.
3.3 Pilot study: Comparison of diagnostic survey instruments used in the care of the elderly
As a case study, we analyzed the outcomes of the pilot, which was conducted to test the feasibility of
enlisting family caregivers to electronically report patients’ delirium symptoms. For the pilot, dyads
consisting of a patient and his or her family caregiver were recruited from three home health-care agencies
in three central Pennsylvania communities. The participants met the following criteria: the patient with
dementia was age 65 or older, English speaking, community dwelling, and had a family caregiver with
daily Internet access via a personal computer or a smart-phone provided by the researchers. Ethical approval
for the study was obtained from the university and health system Institutional Review Boards (IRB). All
three home health-care agencies required that written consent be obtained from the family caregiver before
any contact information was released to the researchers for screening and enrollment purposes.
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3.3.1 Detecting delirium superimposed on dementia (DSD) from the elderly
3.3.1.1 Clinical perspective
Delirium is defined as an acute psychiatric disorder of attention and cognition that accompanies serious
health problems in elderly persons (Inouye, et al. 1990). In particular, the presence of delirium in a patient
with pre-existing dementia may cause serious complications and poor prognostic implications (Fick, et al.
2002). Delirium can be prevented and treated if it is recognized early. However, a previous study indicated
that hypoactive delirium is poorly recognized due to its less active characteristics (Fick, et al. 2002). If a
patient with delirium does not show behavioral disturbances or agitation, nurses or physicians are less likely
to regard such acute changes in mental status as significant problems, thereby failing to detect delirium at
an opportune time. In other words, delirium can be easily overlooked or misdiagnosed as dementia or other
disorders, such as depression, which occurs frequently in the elderly (Inouye 1994). If delirium is detected
early in patients with dementia, it can be treated, thereby preventing poor prognostic implications and
reducing the required length of hospital stay, or potentially avoiding hospitalization in the case of
community-dwelling elderly.
Originally, the Confusion Assessment Method (CAM) was designed specifically for non-psychiatrists
such as trained nurses to detect delirium. It was developed based on both the revision of the Diagnostic and
Statistical Manual of Mental Disorders 3rd edition (DSM-III-R) criteria and expert opinions (Inouye, et al.
1990). Along with the CAM, a tailored version of the CAM for family caregivers (FAM-CAM) was
developed for lay persons to detect delirium (Steis, et al. 2012). The CAM and FAM-CAM have the same
structure, based on the following four primary features: 1) acute onset and fluctuating course, 2) inattention,
3) disorganized thinking, and 4) altered level of consciousness (Inouye, et al. 1990).
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3.3.1.2 Different instruments of detecting delirium
In the pilot, CAM and FAM-CAM instruments were administered to detect a patient’s delirium.
Theoretically, CAM and FAM-CAM share the same features for detecting delirium, so they are expected
to produce identical outcomes. Practically, however, they are not identical to each other in terms of content.
First, both assessments have different structure and content, which are adjusted for their original purposes.
Compared to the CAM, the FAM-CAM paraphrases all contents of the CAM so that it can be conducted
easily by lay persons without help from experts. For this reason, some of the contents in FAM-CAM might
be conveyed inaccurately to caregivers and fail to relay the original intention of the CAM. Consequently,
the two methods used in the pilot can be regarded as heterogeneous, even though they have the same
purpose, which is to detect delirium.
Along with the CAM and FAM-CAM, other instruments designed to detect a patient’s DSD were used
in the pilot. During the study, trained professionals administered instruments such as the Mini-Mental State
Examination (MMSE), Clinical Dementia Rating (CDR) and the Delirium Rating Scale (DRS). In reality,
CAM was used as the tool to detect delirium, while other instruments were used solely to detect the level
of either dementia or delirium. Table 3-3 shows the categories of methods used in the pilot.
Table 3-3 Different instruments used in the pilot study

Observer

Category
Dementia

Delirium

Trained professionals

MMSE

DRS,CAM

Family Caregivers

–

FAM-CAM

3.3.2 Quantitative triangulation on the instruments having the same diagnostic purpose
The original intent of the study was to evaluate the feasibility of including family caregivers in a care
team and to determine the validity of the newly developed FAM-CAM by comparing its results with CAM
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(Steis, et al. 2012). Based on the obtained data, we then performed a post-analysis to check for a relationship
between the two instruments using a quantitative triangulation approach. In this section, we show a variety
of quantitative triangulations performed, and discuss the results.
3.3.2.1 Quantitative triangulation of CAM and FAM-CAM
First, we conducted a quantitative triangulation between CAM and FAM-CAM in terms of overall
outcomes. For the first step of a quantitative triangulation, a proper contingency table needs to be prepared
with an assignment of agreement sections. Both CAM and FAM-CAM result in binary outcomes such as
positive delirium or negative delirium, and they are expected to show the same binary outcomes. Thus, both
a positive-positive cell and a negative-negative cell of a 2

2 contingency table are assigned as agreement

sections, while other cells are assigned as disagreement areas. In total, we collected 41 cases of CAM and
FAM-CAM. Of 41 cases, 8 true positive and 31 true negative cases were observed. The detailed results are
summarized in Table 3-4.
From the contingency table, mutual information between CAM and FAM-CAM was calculated at
0.492. To test the significance of the mutual information obtained, we calculated a corresponding chi-square
statistic by approximating the mutual information. As a result of the significance, the chi-square statistic
was 27.964 with 1 degree of freedom and highly significant, with p < 0.001. For the next step, we tested
congruence between the methods by comparing the sign of the local mutual information of agreement
sections with that of disagreement sections. As a result, positive sign of the local mutual information from
the agreement area (0.629) was measured while negative sign of the local mutual information from the
disagreement sections (-0.137) was measured. Therefore, we can conclude that the outcomes from CAM
and FAM-CAM share high levels of information, and they were in agreement with each other. In other
words, the outcomes from the two instruments show a high level of convergence.
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Table 3-4 A contingency table for CAM and FAM-CAM (Agreement sections are shaded.)
CAM
Positive

Negative

Total

FAM-

Positive

8 (Agreement)

1 (Disagreement)

9

CAM

Negative

1 (Disagreement)

31 (Agreement)

32

Total

9

32

41

Similarly, we can apply a quantitative triangulation approach to check for congruence of each primary
feature consisting of the instruments. For a quantitative triangulation approach, we construct four
contingency tables for each primary feature, and then assign agreement and disagreement sections
accordingly. Table 3-5 shows mutual information, chi-square statistic approximated, and triangulation
outcomes among the four primary features of each instrument. In terms of the significance of the mutual
information, we observed a high level of significance between CAM and FAM-CAM in the case of feature
1 (acute onset and fluctuating courses) and feature 3 (disorganized thinking) [Table 3-5]. In addition, we
observed positive amount of the local mutual information on the agreement area for all features. Therefore,
we can conclude that both instruments converge with each other in terms of features 1 and 3. For feature 2,
although we observed that the outcomes for the feature converged with each other, we also observed that
its significance level is relatively low, compared to features 1 and 3. Meanwhile, we measured a
significantly low level of mutual information on feature 4 (altered level of consciousness). From the
perspective of a quantitative triangulation, this situation falls into the inconclusive category. This can be
caused by either the two independent outcomes or a shortage of data to prove a relationship, so further
investigation is necessary.
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Table 3-5 Mutual information of primary features between CAM and FAM-CAM

Feature
Acute onset &
fluctuating courses

Mutual

Statistic

information

approximated

0.179

Inattention

0.049

Disorganized thinking

0.205

Altered level of
consciousness

0.003

Triangulation result

10.198

Convergence

(p < 0.01)

(significance level = 99%)

2.771

Convergence

(p < 0.1)

(Significance level = 90%)

11.631

Convergence

(p < 0.01)

(significance level = 99%)

0.143
(p = 0.705)

Inconclusive

From the results above, we saw that triangulation results depend on how we view the outcomes from
the instruments. The first analysis deals with overall outcomes of the compared instruments and concludes
that those outcomes converge with each other. On the contrary, if we view the outcomes at a feature level,
we can see that one of the features does not converge.
As for other comparisons both instruments, we applied a quantitative triangulation approach to a
specific group involved in the study. In the pilot, we provided both trained professionals and family
caregivers with an Internet-based instrument. For this, we built a web-based application system, called eCare for Eldercare, and allowed all examiners access to the system to conduct the instrument electronically.
To add flexibility to the system, we also allowed some of the family caregivers without an Internetconnected environment to access the system via a smartphone. The problem was that the smartphone used
in the study had a small touch screen (2.4 inches) that made it difficult to view clearly and operate properly,
so the family caregivers frequently entered incorrect information by mistake. We hypothesized that such
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usability issues can cause differences in the outcomes of CAM and FAM-CAM, and we conducted a
quantitative triangulation analysis for the smartphone-user group.
Overall, the outcomes of CAM and FAM-CAM for the group are in agreement, and we could conclude
that different access to a system is less likely to affect the overall outcomes of both assessments. The
detailed result is shown in Table 3-6. Additionally, we had only a small sample size for this analysis, but it
was conducted by assuming the true probabilities when calculating mutual information, which may lead to
inaccurate results.
Table 3-6 Quantitative triangulation analysis of CAM and FAM-CAM for a group using smartphones

Mutual information

Statistic
approximated

CAM vs FAM-CAM
on a group using

0.274

smart phones

4.180
(p < 0.05)

Triangulation result
Convergence
(significance level =
95%)

Additionally, we analyzed the other similar study where CAM and FAM-CAM were compared (Naylor
2007). In particular, the study used a paper-based FAM-CAM administered by nurses, so it had different
subjects, examiners, and experimental settings compared to those of our pilot study. Naylor’s study also
showed a high level of convergence among instruments, and the detailed results are shown in Table 3-7.
Consequently, a quantitative triangulation approach can be applied to any pre-existing study on condition
that the data can be summarized using a contingency table.
Table 3-7 Quantitative triangulation analysis of CAM and FAM-CAM of Naylor’s study

Mutual information

Statistic
approximated
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Triangulation result

CAM vs FAM-CAM
from Naylor’s study

0.452

30.723
(p < 0.01)

Convergence
(significance level =
99%)

3.3.2.2 Quantitative triangulation among three instruments
In addition to the CAM, trained professionals of the pilot team have also conducted a series of
instruments such as the Delirium Rating Scale (DRS), the Mini-Mental State Examination (MMSE), the
Barthel Index (BI), the Modified Blessed Dementia Rating Scale (MBDRS), and the Clinical Dementia
Rating (CDR) in order to evaluate the level of either delirium or dementia. Of these, DRS is the assessment
for measuring the level of delirium and was conducted repeatedly for a single patient along with the CAM.
MMSE was also conducted daily along with the CAM, but it mainly focuses on screening cognitive disorder
status, which is closely related to dementia.
Theoretically, CAM, DRS and FAM-CAM share the similar diagnosing purpose since they were
designed to sense delirium symptoms. The difference is that CAM provides binary results on the presence
of delirium while DRS results in numerical scale numbers indicating the severity of delirium. FAM-CAM
is an adaptive version of CAM for family caregivers, and it provides binary results like CAM to detecting
delirium. Thus, we can conjecture that the three different instruments will provide redundant results when
it comes to detect delirium. In turn, interaction information among the instruments would be negative,
which stands for redundancy of shared information.
For the analysis of a quantitative triangulation, we divided the results from DRS by two categories
using cut-off information (Trzepacz, et al. 2001). For example, in case of severity score of DRS, cut-off
scores are 16 or 17 out of 39. We followed this rule when categorizing DRS results, and found that both
cut-off scores are not significant to decide the amount of interaction information.
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Table 3-8 shows the contingency table made by CAM, DRS and FAM-CAM. Interaction information
among the assessments was measured -0.00358, which is negative interaction. As we expected, we observed
negative interaction information among the instruments, representing that some extent of redundancy exists
among them. In other words, we may not need the third information on condition that we already have the
other information. However, we measure the low amount of negative interaction, which means the extent
of redundancy could be weak among the instruments. This could mean that a certain pair of the instruments
may result in weak level of agreement with each other or an inconclusive situation.
Table 3-8 A contingency table among CAM, DRS and FAM-CAM

CAM–Positive

CAM–Negative

DRS

DRS

0~16

17~39

0~16

17~39

Total

FAM-

Positive

1

3

1

0

5

CAM

Negative

1

2

13

6

22

Total

2

5

14

6

27

* DRS refers to severity DRS score. A high score on DRS indicates severe level of delirium exists.
For further analysis, we measured the mutual information from the three possible pairs, which are
(CAM,DRS), (CAM,FAM-CAM) and (FAM-CAM, DRS). The results are summarized in Table 3-9. As a
result of the analysis, we observed a considerable amount of mutual information in a direction of agreement
for the pair of (CAM,DRS) and (CAM, FAM-CAM) while (FAM-CAM, DRS) pair failed to result in the
considerable amount of mutual information to be proven as agreement. Thus, we can conclude that such
failure to prove congruency of (FAM-CAM, DRS) pair leads to weak interaction information among the
three instruments.
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Table 3-9 Mutual information between the two pairs
Statistic

Pair

Mutual information

(CAM, FAM-CAM)

0.224

8.384

(FAM-CAM,DRS)

0.025

0.936

(DRS,CAM)

0.099

3.706

approximated

Triangulation result
Convergence
(p-value<0.01)
Inconclusive
(p-value=0.334)
Convergence
(p-value<0.1)

3.3.3 Quantitative complementation for instruments with different diagnostic purposes
A quantitative complementation analysis can be applied when we compare different instruments having
different diagnostic purposes. In the pilot, the CAM, FAM-CAM, and DRS were used to screen for the
presence of delirium or to examine the severity of delirium; thus, they can be regarded as different
instruments but having the same diagnostic purpose, which is to screen for the presence of delirium.
Meanwhile, the pilot team also administered the MMSE, which is used to measure the level of a patient’s
cognitive impairment. Furthermore, a severe level of cognitive impairment may be due not only to the
severity of dementia but also to some extent of delirium; thus, the diagnostic purpose of the MMSE is
somewhat different from those of the CAM, FAM-CAM, and DRS, which are dedicated to examining a
patient’s delirium. In this case, it could be meaningful to reveal any new insights underlying the results of
those instruments by conducting a quantitative complementation analysis.

35

Table 3-10 A contingency table between CAM and MMSE
MMSE

CAM

0~9

10~20

21~24

25~30

Total

Positive

6

1

0

0

7

Negative

17

7

4

1

29

Total

23

8

4

1

36

* The lower MMSE score represents more severe level of cognitive impairment. An area of interest is
shaded in grey
Table 3-11 A contingency table between DRS and MMSE
MMSE

DRS

0~9

10~20

21~24

25~30

Total

0~16

9

6

4

1

20

17~39

14

2

0

0

16

Total

23

8

4

1

36

* The lower MMSE score represents more severe level of cognitive impairment. Also, the higher DRS
score indicates more severe level of delirium. An area of interest is shaded in grey
Table 3-12 A contingency table between FAM-CAM and MMSE
MMSE

FAM-CAM

0~9

10~20

21~24

25~30

Total

Positive

4

0

1

0

5

Negative

18

8

4

1

31

Total

22

8

5

1

36

* The lower MMSE score represents more severe level of cognitive impairment. An area of interest is
shaded in grey
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For a quantitative complementation analysis, the CAM, DRS, and FAM-CAM were paired with the
MMSE as shown in Table 3-10, Table 3-11 and Table 3-12. The cut-points for MMSE are determined based
on the related literature (Mungas 1991); Severe (0~9), Moderate (10~20), Mild (21~24) and Normal (25 or
higher). First, in order to reveal association trend patterns, the joint area between positive of CAM and the
lowest MMSE (i.e., 0~9) is assigned to an area of interest as shown in the shaded cell in Table 3-10.
Similarly, we also assigned an area of interest as shown in the shaded cell in Table 3-11 and Table 3-12.
The area of interest can be interpreted as “delirium” and “the worst cognitive impairment” section for each
table, which means the most severe level of delirium superimposed on dementia (DSD). After that, we
calculated local mutual information for each pair on the area of interest as shown in Table 3-13. As a result,
local mutual information for all pairs turns out to be positive. Consequently, CAM, DRS and FAM-CAM
paring with MMSE could properly diagnose the worst DSD case.
Table 3-13 Results of local mutual information on the area of interest

Pair

Local mutual information on the area
of interest

Complementation result

(CAM, MMSE)

0.07066

Positive Correlation

(DRS, MMSE)

0.17644

Positive Correlation

(FAM-CAM, MMSE)

0.04317

Positive Correlation

As another quantitative complementation analysis, we measured the distance between pairs using KL
value. The CAM, as a gold-standard tool, we compared the pair including the CAM with other pairs which
do not have the CAM [Table 3-14]. Note that KL divergence measures the distance between pairs. From
the results shown in Table 3-14, we can see that the distance from (CAM, MMSE) to (FAM-CAM, MMSE)
is closer than that of the other pair, which is a distance from (CAM, MMSE) to (DRS, MMSE). These
findings can be interpreted as the overall results generated by (FAM-CAM, MMSE) are more similar to the
overall results generated by (CAM, MMSE). If we consider the previous results of a quantitative
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triangulation analysis between the CAM and the FAM-CAM, we can conclude that not only is the FAMCAM properly developed and its efficacy is almost the same as that of the CAM but also that the combined
results of the FAM-CAM and the MMSE show a similar information pattern to that of the combined results
of the CAM and the MMSE. Consequently, we can conclude that FAM-CAM, a adaptive version for family
caregivers, can be a good substitute for CAM, the gold standard tool for detecting delirium.
Table 3-14 KL divergence results
Compared pairs

KL divergence

(CAM , MMSE) and (DRS , MMSE)

0.2549

(CAM , MMSE) and (FAM-CAM , MMSE)

0.0044

3.4 Chapter summary
In the chapter, we suggest a framework for comparing multiple healthcare survey instruments using
information theoretic approaches. Specifically, we used mutual information for measuring the amount of
information shared among the different outcomes from multiple instruments. For interpreting the obtained
mutual information, we borrowed some prevailing concepts and terms from triangulation research in the
social science domain. Moreover, we have seen that the mutual information concept can be extended to
interaction information, which measures the amount of interacting information among the multiple
instruments. Additionally, we suggest a quantitative complementation approach that can be employed when
we compare multiple instruments having different diagnostic purposes. Consequently, we could reveal
meaningful relationships underlying the results regardless of the kind of instruments by applying either a
quantitative triangulation or complementation approach and believe these findings will provide new
insights that can understand and improve healthcare survey instruments.
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Since the suggested approach applies only to within-group analysis, one important topic that needs to
be addressed is a quantitative triangulation/complementation analysis between groups. For supplementing
the limitations, we need to develop new information theoretic metrics that can be applied to a comparison
of between groups. This will enable us to interpret the outcomes from several groups or even several
different studies in a more integrated manner.
Another topic remaining for further research is to employ a number of useful information theoretic
metrics in a frame of a qualitative triangulation analysis. For example, a certain type of healthcare survey
instrument may contain interview data, which cannot easily be quantified. In this case, information theoretic
approaches could be especially beneficial since they can extract or contract the underlying information of
the qualitative data (Salaka and Prabhu 2011). Although this research deals only with quantitative data and
measurable qualitative data, future research will need to focus on such heterogeneous types of information
and figure out how to include them into the suggested framework for comparing multiple healthcare survey
instruments.
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CHAPTER 4
ANALYSIS OF SEQUENTIAL DATA IN HEALTHCARE
In this chapter, we analyze sequential type of healthcare information using the case study of another
healthcare application, Obstructive Sleep Apnea (OSA). Continuous positive airway pressure therapy
(CPAP) is known to be the most efficacious treatment for OSA. Unfortunately, poor adherence in using
CPAP reduces its effectiveness and thereby also limits beneficial outcomes. In this chapter, we explore
usage data obtained from CPAP devices to identify patterns in adherence trends. For this, we employ a
variety of sequential data mining techniques, such as the sequence classification approach to identify any
usage patterns from the data, and a sequence clustering approach to identify any sub-group trends.
Furthermore, we build and suggest a classifier to predict a patient’s adherence to CPAP during the preintervention stage. Through the analyses, we reveal that early intervention is crucial in order to prevent
nonadherence to CPAP and effectively treat OSA. In particular, we observed that monitoring patients
during their first week of treatment is sufficient to identify their CPAP usage patterns and to provide
adjusted and tailored intervention according to the prediction. Characterizing treatment-adherence trend
patterns will enable effective early preventive interventions to be developed in order to improve CPAP
treatment adherence.

4.1 Introduction
Obstructive Sleep Apnea (OSA) is a sleep disorder that afflicts an estimated 5% of the U.S. adult
population; it is the second-most prevalent sleep disorder in the U.S. (NIH 2011, Young, et al. 2002) .
This chapter is based on the following article: Kang, Y., Prabhu, V.V., Sawyer, A.M. and Griffin, P.M. (2013) Data mining for
characterizing obstructive sleep apnea treatment adherence trends, in Proceedings of Industrial and Systems Engineering
Research Conference (ISERC), San Juan, Puerto Rico.
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OSA is characterized by repetitive nocturnal cessation of breathing, resulting in intermittent hypoxia and
cortical arousals from sleep (Malhotra and White 2002, Patil, et al. 2007). It is well known that untreated
OSA contributes to serious health-related issues, including hypertension, stroke, cardiovascular disease,
metabolic disorders, and mood and cognitive impairments, and OSA increases the probability of
occupational injuries and motor vehicle accidents (Billings and Kapur 2013, Hernández-Lerma and
Lasserre 1996, Iber, et al. 2007, Young, et al. 2002). Continuous Positive Airway Pressure therapy (CPAP)
is known to be a highly efficacious treatment when it is used consistently for the duration of each sleep bout
(Alagoz, et al. 2004, Giles, et al. 2006, Guest, et al. 2008, Sadatsafavi, et al. 2009). CPAP therapy is
conducted at the patient’s home and requires the patient to wear a mask connected to an air pressure pump
during sleep to provide positive pneumatic pressure to the upper airway, effectively reducing airway
closures and the consequences of intermittent nocturnal breathing cessation. This therapy presents
numerous challenges, however, for patients. Nonadherence to CPAP therapy is reported as a common issue
among an estimated 50% of patients with CPAP-treated OSA (Parthasarathy, et al. 2013, Sawyer, et al.
2011, Sawyer, et al. in press).
In order to effectively improve adherence to CPAP, it is necessary to fully understand CPAP adherence
patterns to enable early intervention. It is well-established that early experience with CPAP and early usage
patterns are important determinants for long-term adherence to CPAP (Aloia, et al. 2007, Budhiraja, et al.
2007, Drake, et al. 2003, Weaver, et al. 1997, Weaver, et al. 1997). Thus, by identifying patients likely to
demonstrate CPAP nonadherence patterns at an early stage of treatment, one can provide tailored
intervention to such patients and thereby improve adherence outcomes for effective treatment of OSA. For
health-care researchers, understanding such trends of both adherence and nonadherence can enhance
knowledge about the nature of CPAP use, thus enabling them to develop timely and targeted/tailored
interventions.
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In this chapter, we explore usage data obtained from CPAP devices in order to identify patterns in
adherence trends. In particular, we applied a variety of data mining approaches to identify any hidden
patterns and group similar patterns, and to predict CPAP adherence at an earlier phase of treatment than
has been demonstrated in previous research. We apply the data mining techniques to the actual CPAP usage
data in Sections 4.2 and 4.3. Based on the findings, we identify CPAP adherence patterns and predict a
patient’s adherence using a trained classifier. Finally, in Section 4.4 we discuss the findings and
implications of the findings for future research.

4.2 Understanding CPAP usage patterns
Of the many sequence classification data mining approaches, we constructed the PST based on the
CPAP usage data in order to predict a patient’s future usage behavior. In this section, we describe the data
set and the procedure used to build the PST. Then we explain the results in terms of usage patterns.
4.2.1 Data description
We examined the first month of CPAP usage data from a prospective single cohort study that included
97 patients with moderate to severe OSA (Sawyer, et al. in press) The goal of the primary study was to
examine the predictive utility of a risk screening questionnaire to prospectively identify patients with OSA
who were at high risk for CPAP nonadherence at the outset of the treatment period. For the primary study,
inclusion criteria for newly-diagnosed OSA patients was: (1) an apnea-hypopnea index (AHI) greater than
or equal to 5 events/hour on an in-laboratory polysomnogram, conducted and scored in accordance with
standard criteria (Iber, et al. 2007); (2) referral to CPAP titration polysomnogram; and (3) ability to speak
and read English. Participants had no previous experience with CPAP prior to study enrollment. After
informed consent, the participants’ demographic and OSA features were collected, and an in-laboratory
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CPAP titration polysomnogram was performed. Thereafter, participants received home CPAP treatment for
30 days and all CPAP usage data was collected at study termination.
We pre-processed the data by excluding patient outcomes with erroneous or missing values; ninety-two
patients remained for the final analysis. Table 4-1 shows summary statistics for the included patients.
Table 4-1 Summary Statistics (n=92)

Variable

Value
(Mean (se) or Frequency (n (%))

Age (years)

49.8 (1.21)

% Hispanic or Latino

7 (7.6%)

Race % White

82 (89.1%)

Education (% College)

61 (66.3%)

Gender (% Male)

48 (52.2%)

BMI (Body Mass Index)

38.4 (0.97)

AHI (Apnea Hypopnea Index)

36.9 (2.03)

CPAP Usage (min)

268.6 (18.96)

4.2.2 State definition
The amount of a patient’s CPAP usage is defined as a state of the Markov model in PST, which we
define in discrete units as shown in Table 4-2. Generally, a CPAP machine records its usage in time, so a
patient’s CPAP usage value can be regarded as continuous. In order to avoid computational issues, however,
we define this continuous state as discrete by binning the continuous values. To determine the size of those
bins, we note that in the related literature, less than 2 hours of CPAP usage is generally classified as
nonadherence and more than 4 hours of usage is classified as an acceptable level of usage (Sawyer, et al.
2011). Thus, we discretize into three bins and label them as State 1, 2 and 3 as shown in Table 4-2. All
models that follow will use the same state definition.
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Table 4-2 State definition

State

Hours of Nightly
CPAP Use

Adherence level

1

2 hours or less

Low level

2

Between 2 and 4 hours

Intermediate level

3

4 hours or more

Acceptable level

4.2.3 Sequence classification mining using PST
Based on the CPAP usage data appeared in Table 4-1, we built a PST, and the detailed results are shown
in Figure 4-1. From the figure (left), each node stands for the suffix of a sequence, and the probability
distribution on the node is specified to the right of the figure. For simplicity, the PST assumes discrete states
and time-homogeneous transition probabilities. We adapted the training algorithm developed by Bejerano
and Yon for the PST (Bejerano 2004, Bejerano and Yona 2001). The necessary parameters for the algorithm
are explained in Table 4-3. Among the parameters, Lmemory , or the maximum length of the sequence of a
node, was set to 3. In other words, we restricted the maximum number of sequences as three days of usage
information. This limits the occurrence of nodes with sequences that could be more than 3, and may lead
to insufficient expansion of leaf node of the model. For this reason, we also built the other PST with a larger
number of Lmemory to compare the change of probability distribution of the nodes of the longest sequence.
Overall, we did not observe any significant differences in the probability distributions between the current
model (Lmemory = 3) and the other models tested. Due to space limitation, we only include the PST with
Lmemory = 3 here, and will refer to other PST models later in the discussion.
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Table 4-3 Parameters for the PST algorithm
Parameter Description
Σ

Value

A set of states

1, 2, 3

Minimal probability of the corresponding state

0.01

α

Significant threshold

0

γmin

Smoothing parameter

0

Difference parameter between prediction and its direct parent node

1.5

Maximum memory

3

Pmin

r
Lmemory

Node

Root
1
11
111
211
311
21
121
31
2
12
32
332
3
13
23
323
33
133
233

(γs ),Probability distribution over the next
symbol associated with the corresponding
nodes.
(0.31775362, 0.06630435, 0.61594203)
(0.72084806, 0.07184923, 0.20730271)
(0.85279188, 0.04737733, 0.09983080)
(0.89669421, 0.03719008, 0.06611570)
(0.76923077, 0.11538462, 0.11538462)
(0.52459016, 0.11475410, 0.36065574)
(0.50000000, 0.21153846, 0.28846154)
(0.62962963, 0.22222222, 0.14814815)
(0.34254144, 0.12154696, 0.53591160)
(0.29545455, 0.14204545, 0.56250000)
(0.45000000, 0.20000000, 0.35000000)
(0.16483516, 0.08791209, 0.74725275)
(0.12068966, 0.05172414, 0.82758621)
(0.11442483, 0.05782106, 0.82775411)
(0.25294118, 0.12941176, 0.61764706)
(0.25531915, 0.12765957, 0.61702128)
(0.26984127, 0.07936508, 0.65079365)
(0.08751903, 0.04566210, 0.86681887)
(0.24742268, 0.11340206, 0.63917526)
(0.18181818, 0.12727273, 0.69090909)

Figure 4-1 PST (left) and probability distribution of each node (right)
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4.2.4 Prediction of CPAP usage
One of the benefits of doing classification analysis is to be able to predict future outcomes based on the
trained model. Since PST can be regarded as one of the classification approaches, it can also be used to
predict outcome by employing the concept of a variable order Markov model. In our case, we can predict
the next possible state of CPAP usage employing the constructed PST model. The probability of a sequence
is calculated from the longest suffix appeared in a PST. For example, if over the last 4 days a patient’s state
were as follows: four days ago 3, three days ago 1, two days ago 2, and yesterday 1, then this sequence of
states is denoted as, 3-1-2-1. The longest such suffix sequence that appears in the PST is 1-2-1; therefore
today’s CPAP usage, 𝑋, can be predicted as follows:
𝑃(𝑋|3121) = 𝛾121 (𝑋)

(Eqn. 4-1)

From Figure 4-1, we can look up the probability of X = 1, 2, and 3 as 62.96%, 22.22%, and 14.81%,
respectively. This result holds true no matter where the usage sequence 3-1-2-1 started from, since PST is
another form of a Markov model that has a memoryless property. In other words, whenever a patient shows
this usage sequence then the probability of the next day’s state will follow 𝛾121 (𝑋) regardless of usage prior
to three days.
Additionally, we can examine how much data are necessary for predicting the next state with a high
level of confidence by examining the sequence of the leaf node. From the PST we obtained, as long as a
patient shows a sequence 1-1-1, then the probability that his or her state for the next day will stay at 1 is
approximately 89% from 𝛾111 (1). Through the other longer PST model (Lmemory =5), we also could
observe that the probability increases over 95%. Therefore, we can conjecture that one’s CPAP usage state
will stay at 1 (i.e., the lowest level of usage) with confidence, as long as his or her usage state continues to
show 1 for last five days.
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Likewise, if a patient shows a sequence 3-3-3 for three days, then the probability that his or her CPAP
usage will stay at the same state on the next day becomes 86%. Through the longer PST models (not
presented herein), however, we could not see the probability increase over 95%. From the PST model
(Lmemory =15), the longest streak of state 3 was 3-3-3-3-3-3 (i.e. 6 streaks) and its probability of the next
state at 3 is 92%. Consequently, the lowest CPAP adherence (i.e. staying at state 1) can be determined
sufficiently by investigating a patient’s data for five days while the highest CPAP adherence (i.e. staying at
state 3) cannot be easily determined.
4.3 Understanding CPAP adherence
In the previous section we examined usage patterns and built a PST model to predict future usage. In
addition to this finding, we group patients in terms of their usage patterns by using a sequence clustering
approach to identify any sub-group trends in this section. Furthermore, we define CPAP adherence based
on the clustering results and predict such adherence using a classifier that can categorize patients into either
expected adherers or non-adherers based on pre-treatment assessment data.
4.3.1 Description of the data set
As a data set for a sequence clustering analysis, we used the same data set that was used for constructing
the PST. For simplicity, we used the states defined in the previous section to represent CPAP usage in a
short form.
For training a classifier to predict CPAP adherence, we used the demographic data for each patient,
such as age, ethnicity, race, height, weight, education , employment status, nightshift information, marital
status, gender, and Body Mass Index (BMI). We also used the results of assessment of the risk of a patient’s
nonadherence to CPAP, normally assessed before home CPAP treatment is initiated. Such assessment
includes the following categories: SEMSA-SE score, FOSQ vigilance score, Health Literacy Screening
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Questionnaire, baseline sleepiness, baseline restlessness in sleep, rotating-shift information, and AHI
(Apnea Hypopnea Index). The detailed explanation for the categories is as follows.


SEMSA-SE score: Self-efficacy Measure in Sleep Apnea (Weaver, et al. 2003) sub-scale, Selfefficacy, measures an individual’s belief in their ability to use CPAP when faced with
challenges/difficulties.



FOSQ vigilance score: Functional Outcomes of Sleep Questionnaire (Weaver, et al. 1997) subscale, Vigilance, measures subjectively reported impairment for attention during everyday
situations.



Health Literacy Screening Questionnaire (Chew, et al. 2004) measures risk for inadequate
health literacy.



Self-reported symptoms that prompted patients to seek clinical care of their sleep disorder were
assessed and included daytime sleepiness and restlessness during sleep.



Shiftwork schedule was assessed; a dichotomous response set (yes/no), specifically addressing
rotating shiftwork on a regular basis and night shiftwork on a regular basis.



OSA disease severity, measured as Apnea Hypopnea Index (AHI), was extracted from
diagnostic in-laboratory polysomnogram (PSG) and reported as average number of apneas
(complete airway closure) and hypopneas (partial away closures) per hour.

4.3.2 Sequence clustering data mining
The overall schematic for a sequence clustering analysis is illustrated in Figure 4-2. First, the sequential
CPAP usage data were pre-processed and normalized before importing into a database. For data mining,
we performed a hierarchical clustering approach to detect the number of clusters formed. From the result
of hierarchical clustering, we observed that the number of clusters varies from 2 to 5 according to the
random seed number, but 2- or 3-clusters cases were more frequently observed compared to the other
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clustering cases. As a mining tool, we used Microsoft MS-SQL 2012 Analysis Service, which uses a modelbased sequence clustering using the Expectation-Maximization (EM) technique (MacLennan, et al. 2008).

Figure 4-2 Sequence clustering analysis under non-hierarchical setting designating 2 clusters

Let us begin with the 2-clusters case first. We temporarily labeled the two clusters using Cluster #1 and
Cluster #2. Then, we plotted a trend of favorable assignment to a cluster on the state transition diagram in
Figure 4-3. In the figure, transitions in a solid line means they are more likely to be assigned to Cluster #1
while those in a dotted line are more favorable to be in Cluster #2. Note that state 1 stands for the lowest
CPAP adherence, while state 3 stands for the highest CPAP adherence. From the figure, we observed that
the sequences transitioning to state 3 are favorable to be in Cluster #1 regardless of the previous state. On
the contrary, the sequences in Cluster #2 are highly likely to transit lower states or stay at the current low
state. Therefore, we can conjecture that Cluster #1 contains CPAP usage data showing “improved” or
“highest” adherence status. For the same reason, Cluster #2 is highly likely to contain CPAP usage data
showing “worsened” or “lowest” adherence status. For a more intuitive explanation, we labeled Cluster #1
with “ADH,” representing adherence to CPAP and Cluster #2 with “N_ADH,” which stands for
nonadherence to CPAP.
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For other cluster cases, we noticed that a 3-clusters case contains a mixed-adherence group along with
both the adherence and the nonadherence groups. Through detailed investigation, we also noted that 4- and
5-clusters cases could be regarded as a variant form of 3-clusters cases. Therefore, we concluded that either
2 or 3 clusters are sufficient to group patients in terms of the extent of their CPAP usage.

Figure 4-3 State transition diagram in a 2-clusters case
4.3.3 Classification of adherence pattern at the earlier stage
Based on the results from the sequence clustering analysis above, we conducted a conventional
classification analysis to predict a patient’s adherence pattern by other sets of data. The idea in applying the
classification approach is to predict outcomes of patients’ adherence ahead of time (i.e., before CPAP
treatment initiation) using their demographic data or pre-assessment data; in this way, we may filter out a
“high-risk” group that requires early intervention so that we can effectively reduce emergence of CPAP
nonadherence in advance.
In the earlier section, we defined a patient’s adherence by labeling each cluster obtained from sequence
clustering analysis. Based on the labels, we trained demographic data and pre-assessment data to build a
classifier to predict those labels. For more intuitive outcomes and simplicity, we used the 2-clusters case
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that has ADH and N_ADH as class variables. In addition, WEKA 3.6, open-source-based data mining
software, has been used for building classifiers and selecting suitable features (Hall, et al. 2009).

4.3.3.1 Binary logistic regression
First, we used a binary logistic regression to predict adherence patterns. For the analysis, we included
all attributes of demographic and pre-assessment data in the regression model and extracted a few
significant parameters by referring to both p-value (less than 0.05) and odds ratio (not containing 1 within
a range). As a result, we observed that SEMSA SE score, baseline sleepiness, baseline restlessness in sleep,
and gender are statistically significant compared to other attributes (SEMSA SE score is a covariate variable
while others are categorical variables). After that, we performed the binary logistic regression again,
including the four parameters only, and all parameters in the model showed p-values, less than 0.05 and
odds ratio did not contain 1 within a range (odds ratio 1 means independent for the variable, which indicates
an insignificant variable). Therefore, we concluded that those four parameters are significant to predict the
outcomes.
In our case, the false-negative would be more critical since it means the classifier fails to predict a
patient’s nonadherence. In other words, a patient with nonadherence to CPAP could be incorrectly classified
as an adherer, which would leave them without any adherence intervention before or as they start CPAP
treatment. For the regression model, such failure rate was measured at 13.8%, which is low and acceptable
to be used as a classifier for the prediction. Receiver Operating Curve (ROC) for the classifier was 0.767
and accuracy was measured at 76.1%. The detailed results are shown in Table 4-4. From the table, we can
interpret the results as follows: the patient who responded 'No' to Baseline Sleepiness tends to have higher
probability to become non-adherers while the one who responded 'No' to Baseline Restlessness in Sleep
tends to have lower probability to become non-adherers. Also, male patients are less likely to become nonadherers compared to female patients. In case of SEMSA-SE score, the probability to become non-adherers
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decreases as SEMSA-SE score decreases. In other words, low SEMSA-SE score indicates higher
probability to become non-adherers to CPAP.
Table 4-4 Binary logistic regression results (Event: Nonadherence)
Odds Ratio

Parameter

Estimate

P-value

SEMSA-SE score

-1.2852

0.0132

0.100

0.764

Baseline sleepiness (No)

0.9391

0.0165

1.409

30.376

-0.7670

0.0168

0.061

0.758

-0.6397

0.0477

0.078

0.987

Baseline restlessness in sleep
(No)
Gender (Male)

(95% Wald Confidence Limits)

* ROC:0.767, TPR for N_ADH = 0.861, accuracy = 76.1%, SAS 9.1 was used for the analysis

4.3.3.2 Naïve Bayes Classifier
For the comparison purpose, we also constructed Naïve Bayes classifiers to predict the adherence to
CPAP. First, we included all attributes of demographic and pre-assessment data to build a Naïve Bayes
classifier and tested its classification performance. For training the classifier effectively, 10-folds cross
validation was used. As a result, the Naïve Bayes classifier shows relatively low performance (ROC = 0.71,
TPR for N_ADH = 0.81, accuracy = 69.56%) compared to the binary logistic regression model. In general,
such a full model might possess some unnecessary or cross-correlated features that may lead to low
performance as a classifier. For this reason, we tried to reduce the number of features by using feature
selection techniques and retraining the Naïve Bayes classifier based on the reduced model. Specifically, we
used a wrapper approach with Bayes Network as a learning scheme using a hill-climbing algorithm (Kohavi
and John 1997). As a result, four features including FOSQ vigilance score, baseline sleepiness, baseline
restlessness in sleep and gender were selected, and we noticed that these are the same as the selected
parameters of the binary logistic regression model except for the FOSQ vigilance score. The overall
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performance of the Naïve Bayes classifier with the reduced features, however, did not show a significant
improvement from the original Naïve Bayes classifier with the full model (Reduced model: ROC = 0.723,
TPR for N_ADH = 0.81, accuracy = 65.2%). But overall the false negative rate is low (0.19), which can be
regarded as a useful classifier to predict adherence. The detailed results of the Naïve Bayes classifier with
the reduced model are shown in Table 4-5.
Interestingly, we noticed that the Naïve Bayes classifier with the reduced features could be further
improved by including the SEMSA SE score feature, which was one of the significant parameters in the
binary logistic regression model. Moreover, its false-negative rate was dramatically improved (i.e., lowered)
compared to that of not only the previous two Naïve Bayes classifiers but also the regression model (from
0.19 to 0.121). The detailed results are summarized in Table 4-6.
Table 4-5 Naïve Bayes classifier with the features selected by wrapper approach

Attribute

FOSQ Vigilance score

Class N_ADH

Class ADH

(Prior probability: 0.63)

(Prior probability:0.37)

Mean

SD

Mean

SD

3.1281

0.7074

2.9142

0.5672

Count

Baseline sleepiness
Baseline restlessness in
sleep

Gender

Y

N

Y

N

38

22

31

5

33

27

13

23

Female

Male

Female

Male

34

26

12

24
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Table 4-6 Comparison between Naïve Bayes classifier with 4 features and 5 features
Classification
Model

Features

ROC

False Negative
Rate

Accuracy

{FOSQ, Baseline sleepiness,
Baseline restlessness in sleep,
Naïve Bayes

Gender}

Classifier

{SEMSA, FOSQ, Baseline
sleepiness, Baseline restlessness in

0.723

0.19

65.2%

0.773

0.121

72.8%

sleep, Gender}

In summary, both the binary logistic regression model and the Naïve Bayes classifiers show a low rate
of false-negative cases, effectively reducing the risk of incorrect classification of non-adherers. As common
significant features, three attributes, baseline sleepiness, baseline restlessness in sleep from pre-assessment
data, and gender from the demographic data are chosen from both classifiers. Furthermore, if the Naïve
Bayes classifier includes the five features selected from both models, including SEMSA-SE, FOSQ
Vigilance, in addition to baseline sleepiness, baseline restlessness in sleep, and gender, its performance
(ROC and false-negative rate) can be further improved.

4.3.3.3 Quantitative complementation on the features
In this section, we apply a quantitative combined approach on the features that were shown to be
significant to classify adherence level in the previous section. For the features, we use the same ones that
were used in 4.3.3.2, such as FOSQ score, SEMSA-SE score, Baseline Sleepiness, Baseline Restlessness in
Sleep and Gender. The quantitative combined approach such as quantitative triangulation and
complementation has been explained in Chapter 3. Since the features we want to interpret have their own
different perspective to measure the patient's status, a quantitative complementation approach can be
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applied in this case for revealing the informational relationship among the features and CPAP usage level.
For this, we first measure a local mutual information for each cell in the contingency table, comprising of
CPAP adherence class (i.e., ADH and N_ADH) and each one from the five selected features. Also we do
not specify areas of interest in the contingency table since we want to examine overall trend of correlation
of all areas.
The following table (Table 4-7) show a local mutual information calculated. For the analysis, we set
the cut-point of SEMSA and FOSQ as 3, but the trending result does not change even though we set the
cut-point differently. From a non-adherer perspective, we could observe negative correlation exists when
Baseline Sleepiness = Yes, Baseline Restlessness in Sleep = No, Gender=Male and SEMSA >3, and this
trend is the same as the result of the binary logistic regression we discussed previously.
Furthermore, we calculate the average KL-divergence for each pair, by setting CPAP adherence level
as a baseline and summarize the result in Table 4-8. Note that we can compare the informational structure
of each pair from KL-divergence. As a result, we can see Baseline Restlessness in Sleep and SEMSA score
are showing the most similar results (average relative distance = 0.001) in terms of explaining a patient's
CPAP adherence compared to other pairs. In this case, those two features can be substituted with each other
as long as they are used to describe a patient's CPAP adherence.

Table 4-7 Local mutual information for each area of interest

Baseline
Sleepiness

Baseline
Restlessness

Gender

SEMSA SE
score

in Sleep

FOSQ
Vigilance
score

No

Yes

No

Male

Female ≤3

>3

≤3

>3

Adherence N_ADH -0.051

0.064

0.056

-0.046

-0.058

0.075

0.060

-0.049

-0.047

0.059

level

-0.048

-0.048

0.054

0.071

-0.061

-0.051

0.058

0.058

-0.051

Yes

ADH

0.057
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Table 4-8 Average KL-divergence for each pair
Average distance (measured by

A pair of features

KL-divergence)

(Baseline feature: CPAP adherence level)

from

CPAP

adherence

Baseline Sleepiness and Baseline Restlessness in Sleep

0.274

Baseline Sleepiness and Gender

0.139

Baseline Sleepiness and SEMSA score

0.247

Baseline Sleepiness and FOSQ vigilance score

0.314

Baseline Restlessness in Sleep and Gender

0.088

Baseline Restlessness in Sleep and SEMSA score

0.001

Baseline Restlessness in Sleep and FOSQ vigilance score

0.080

Gender and SEMSA score

0.090

Gender and FOSQ vigilance score

0.036

SEMSA score and FOSQ vigilance score

0.095

4.4 Chapter summary
In this chapter, we explored CPAP-usage data and other related data in order to reveal CPAP-usage
patterns and predict both future usage patterns and adherence using data mining approaches. Specifically,
by building the PST model, we provided a basis to predict the future usage pattern of a patient with OSA.
We also revealed that a week’s consecutive observations could be enough to identify a patient’s lowest or
highest CPAP usage trend. Given that early intervention is crucial in order to prevent nonadherence to
CPAP and effectively treat OSA, it is important to monitor patients during their first week of treatment to
identify their CPAP usage patterns and to provide adjusted and tailored intervention according to the
prediction.
From a sequence clustering analysis, we could observe two or three groups of patients in terms of their
usage patterns. Moreover, we proposed several classifiers to predict a patient’s adherence based on the
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clustering results, demographic data, and pre-assessment data. During the analysis, we also found several
significant attributes that highly affect adherence to CPAP from demographic and pre-assessment data sets.
Those attributes include SEMSA SE score, FOSQ vigilance score, baseline sleepiness, baseline restlessness
in sleep, and gender. In particular, these findings can be beneficial to researchers who want to develop more
sensitive and reliable pre-treatment risk assessments, thereby effectively screening patients for those
expected to be non-adherers.
By developing, testing, and translating an assessment of risk for nonadherence to CPAP before
treatment initiation, patients with high risk will be effectively identified for preventative interventions.
Though the results presented herein are not specific to defining intervention approaches to improve or
prevent nonadherence to CPAP, a risk stratification scheme supports a cost-effective approach to delivery
of intervention in this adult population. As our own results and those of others (Aloia, et al. 2007, Weaver,
et al. 1997) clearly identify early patterns of CPAP use are influential on long-term CPAP adherence
outcomes, it is imperative to first identify adults at risk for nonadherence followed by the development and
rigorous testing of targeted prevention interventions for those at-risk for CPAP nonadherence.
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CHAPTER 5
DECISION-MAKING AND COST-EFFECTIVENESS
In the previous chapter, we have seen continuous positive airway pressure therapy (CPAP) is one of
the most effective treatments for obstructive sleep apnea (OSA). Also, we noticed that nonadherence to
CPAP is often observed among CPAP-treated patients, and it contributes to significant health-related issues,
leaving OSA untreated or sub-optimally treated. In this chapter, we study the dynamics and patterns of
patient adherence behavior as a basis for designing effective and economical interventions. We define
patient adherence as a state and build Markov models for diverse patient cohorts in order to examine the
stochastic dynamics of CPAP usage data. Results reveal that patients who adhere poorly to CPAP treatment
are less likely to improve their usage level compared to all other groups, thus indicating the need for
effective interventions for this patient cohort. In contrast, patients in the most adherent group tend to
maintain their CPAP usage level, which suggests that promoting CPAP use for all patients would not be
cost-effective. We present several numerical examples to characterize cost-effective policies, and suggest
guidelines for designing interventions to economically improve CPAP adherence for future intervention
insights.

5.1 Introduction
A typical CPAP device automatically records the duration of usage on a daily basis, measured in hours
of use per 24 hours for all intervals of use at an effective pressure for more than 20 minutes. This technology
permits an objective measure of CPAP use, or adherence, and permits early recognition of noThe Chapter 5.2 is based on the following article: Kang, Y., Prabhu, V.V., Sawyer, A.M. and Griffin, P.M. (2013) Markov models
for treatment adherence in obstructive sleep apnea, in Proceedings of Industrial and Systems Engineering Research
Conference (ISERC), San Juan, Puerto Rico.
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-nadherence during the initial home treatment period. In order to improve CPAP adherence, several types
of interventions have been proposed and preliminary tests performed. Intervention strategies reported to
date include simplistic, stand-alone educational interventions, CPAP device adaptations such as heated
humidification, flexible pressure and auto-adjusting positive airway pressure, cognitive behavioral
interventions in both small groups and with individual patients, social support interventions such as peerto-peer support (Parthasarathy, et al. 2013), multi-dimensional approaches, habit-formation interventions,
and self-management strategies (Sawyer, et al. 2011). OSA is not a disorder that can be treated on a onetime basis; OSA requires a patient to use the device as a long-term treatment, and such chronic care
necessitates cost-effective interventions. To address this challenge and implement highly effective chronic
care for CPAP-treated OSA in a way that substantially reduces CPAP nonadherence, empirically-derived
decision policies are needed.
It is clear from examination of CPAP usage records that usage changes dynamically over the treatment
episode (Kang, et al. 2013). For example, some patient groups show a low level of CPAP usage during the
first few days but increased usage after some time has passed, while others show a constant low level of
usage. Other patients demonstrate an acceptable level of usage at the outset of treatment, but lower usage
levels over time. Moreover, some patients demonstrate usage behaviors that fluctuate randomly over the
entire treatment period observed. We hypothesize that such changes are due to stochastic dynamics that
result from social, personal, contextual and environmental factors.
In this chapter we develop Markov models to capture the stochastic dynamics of CPAP usage behavior.
Parameters used in the Markov models are estimated from CPAP usage data collected in a prospective
cohort study (Sawyer, et al. in press). We examine the impact of intervention scenarios using a Markov
decision process (MDP). Based on the results, a guideline for designing an intervention to improve CPAP
adherence is suggested.
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The layout of the chapter is as follows. In the next section we define Markov models for CPAP
adherence, and estimate transition probabilities using data obtained from a recent prospective cohort study
(Sawyer, et al. in press). In Section 5.3 of the chapter we develop MDP models to determine cost-effective
intervention policies, along with some structural properties. With the MDP models, we illustrate the
predicted optimal policy patterns for probable intervention cases and validate the cost-effectiveness of two
actual interventions using the proposed models in Section 5.4. Conclusions, limitations, and future work
are described in Section 5.5.

5.2 Markov model for CPAP adherence level
In this Section, we discuss the development of a Markov model for CPAP adherence and explain how
we characterize the dynamics underlying CPAP usage trends. For the data set to make Markov model, we
use the same data set (Table 4-1) that were described in Section 4.2.1. Also, for the state of the Markov
model, we define the same states as the ones appeared in Table 4-2 of Section 4.2.2, which are CPAP usage
time records

5.2.1 Estimation of transition probabilities
Transition probabilities for the Markov models are estimated using maximum likelihood estimators
(MLE) (Lee 1977). Specifically, the MLE for each transition probability is defined as the ratio of the
number of transitions of a specific transition over the total number of transitions that have a common exiting
state. We define the index function, 𝐼(𝑠𝑖 (𝑡) = 𝑗, 𝑠𝑖 (𝑡 + 1) = 𝑘) where a state at time t is 𝑠𝑖 (𝑡) for patient i
as follows:
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1, when the patient’s current state is 𝑗 and the next state is 𝑘
)
𝐼(𝑠𝑖 (𝑡) = 𝑗, 𝑠𝑖 (𝑡 + 1) = 𝑘) = (
0, otherwise
(Eqn. 5-1)

Using this index function, the total number of transitions from j to k can be expressed as:

𝑇−1
𝑁𝑗𝑘 = ∑𝑀
𝑖=1 ∑𝑡=1 𝐼(𝑠𝑖 (𝑡) = 𝑗, 𝑠𝑖 (𝑡 + 1) = 𝑘)

(Eqn.5-2)

where j and k range from 1 to 3 respectively and M is the total number of patients in the sample. The
MLE from state j to k is denoted 𝑃̂
𝑗𝑘 (𝑡) and can be estimated as:

𝑃̂
𝑗𝑘 (𝑡) = 𝑃(𝑆(𝑡 + 1) = 𝑘|𝑆(𝑡) = 𝑗) = ∑𝑀

𝑁𝑗𝑘

𝑇−1
𝑖=1 ∑𝑡=1 𝐼(𝑠𝑖 (𝑡)=𝑗)

(Eqn.5-3)

Oftentimes, such 𝑃̂
𝑗𝑘 (𝑡) may be non-homogeneous. In order to determine whether we can estimate
̂
𝑃̂
𝑗𝑘 (𝑡) as 𝑃𝑗𝑘 , which is constant over time, we use a statistical test of homogeneity. Anderson and Goodman
devised a χ2 test for testing the null hypothesis, such that the transition probabilities are constant over time,
using the following statistic (Anderson and Goodman 1957):
2
̂ 2 ̂
𝜒𝑚(𝑚−1)(𝑡−1)
= ∑𝑡,𝑗,𝑘 𝑁𝑗 (𝑡 − 1)(𝑃̂
𝑗𝑘 (𝑡) − 𝑃𝑗𝑘 ) / 𝑃𝑗𝑘

where 𝑚 is the number of states.
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(Eqn. 5-4)

5.2.2 Interpretation of estimated transition probabilities
Under the assumptions discussed above, the transition probabilities and steady state probability for each
patient group has been estimated as shown in Table 5-1. These results were obtained from the data grouped
using demographic information. For the χ2 test, the null hypothesis is never rejected for all cases, which
implies that the estimated probabilities for all cases are constant over time.
Specifically, we notice that a patient who shows the lowest usage level (i.e., the current state is 𝑠1 ) is
less likely to improve his or her usage, as compared to all other patients. First, 𝑝(𝑠3 |𝑠1 ), which is the most
improvement in their usage, is 3.49 times less on average than 𝑝(𝑠1 |𝑠1 ), the probability of staying at the
current lowest usage level. Even though we consider any improvement trend from the lowest usage (i.e.,
𝑝(𝑠2 |𝑠1 ) + 𝑝(𝑠3 |𝑠1 )), we notice that such improvement ratio is 2.56 times less on average than 𝑝(𝑠1 |𝑠1 ).
This result can be considered as a motivation for investing in individuals with the lowest usage levels by
developing effective adherence promotion interventions.
Compared to the lowest usage group, we also notice that a patient is less likely to decrease his or her
usage level, once at a higher adherent state. For example, 𝑝(𝑠3 |𝑠3 ), the transition probability for staying at
the highest usage level, is 5.14 times greater on average than the other possibilities (i.e., 𝑝(𝑠1 |𝑠3 ) +
𝑝(𝑠2 |𝑠3 )). Even for the intermediate usage group (𝑠2 ), transition to the better adherent state (i.e., 𝑝(𝑠3 |𝑠2 ))
doubled on average as opposed to the transition probability to the less adherent state (i.e., 𝑝(𝑠1 |𝑠2 )). This
finding implies that the intervention to promote CPAP usage may not be cost-effective for all groups,
especially for groups whose usage level is already high. Also, this finding emphasizes on allocating
resources in a highly appropriate manner in a cost-constrained healthcare market. In the next section, we
investigate the characteristics of cost-effective policies for promoting CPAP adherence, and suggest
guidelines for designing interventions to economically improve CPAP adherence.
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Table 5-1 Estimated transition probability

Estimated Transition Probability

Steady State Probability

Feature
P11

P12

P13

P21

P22

P23

P31

P32

P33

π1

π2

π3

Overall

0.721

0.072

0.207

0.296

0.142

0.563

0.114

0.058

0.828

0.322

0.068

0.610

Male

0.627

0.082

0.292

0.300

0.144

0.556

0.093

0.055

0.852

0.229

0.067

0.704

Female

0.777

0.066

0.157

0.291

0.140

0.570

0.147

0.062

0.791

0.425

0.069

0.506

Age (≤ 43)

0.713

0.094

0.192

0.362

0.116

0.522

0.132

0.069

0.800

0.360

0.082

0.558

Age (44~52)

0.629

0.094

0.277

0.231

0.256

0.513

0.122

0.041

0.837

0.263

0.070

0.667

Age (≥ 53)

0.765

0.044

0.191

0.265

0.103

0.632

0.099

0.06

0.841

0.325

0.057

0.618

BMI (≤30, up to overweight)

0.729

0.047

0.224

0.286

0.095

0.619

0.078

0.046

0.876

0.2526

0.0483

0.6992

BMI (30~35, Moderate obese)

0.679

0.111

0.211

0.304

0.214

0.482

0.112

0.062

0.827

0.2979

0.09

0.612

BMI (35~40, Severely obese)

0.766

0.078

0.156

0.37

0.074

0.556

0.075

0.031

0.894

0.2879

0.0466

0.6655

BMI (≥ 40, Very severely obese)

0.719

0.057

0.223

0.264

0.125

0.611

0.166

0.081

0.752

0.3887

0.0752

0.5361

AHI (<30, up to moderate)

0.652

0.072

0.275

0.213

0.125

0.663

0.123

0.077

0.8

0.2763

0.0798

0.6439

AHI (≥30, severe)

0.754

0.072

0.175

0.365

0.156

0.479

0.109

0.045

0.847

0.3504

0.0609

0.5887
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5.3 MDP model for CPAP adherence level
It has been established that adherence to CPAP therapy is crucial in order to optimally treat OSA
(Campos-Rodriguez, et al. 2012, Young, et al. 2013). As such, a chronic care management approach is
necessary. From this perspective, the intervention used in chronic care needs to be cost-effective for the
long term, in order to reduce the overall cost burden over the period of treatment which is often the life
time. In this section, we use a Markov decision process (MDP) to examine how the Markov model estimate
would react to various intervention scenarios, and we use numerical examples to show notable trends. Based
on the results, guidelines for designing a cost-effective intervention policy for improving adherence are
suggested.

5.3.1 MDP model definition
CPAP adherence level is defined as a state (𝑠 ∈ 𝑆), as previously described. The action set 𝐴 includes
available interventions (𝑎ℎ ∈ 𝐴) for improving adherence, and also 'Do Nothing'. When the state is s and
the action is a, the associated reward 𝑟(𝑠, 𝑎) is defined. In our case, such a reward term consists of a benefit
component and a cost (that is, a cost for each intervention). Considering a chronic care paradigm, we set an
infinite planning horizon for making decisions on interventions. The interval between decision epochs is
set as a day. 𝑝(𝑗|𝑠, 𝑎) is a probability of transitioning to state j at the next time when the current state is s
and action is a. With these definitions, the optimal intervention policy, 𝑑(𝑠), will identify the action that
results in the maximum value consisting of both the current reward and the cumulative expected reward
onward with a discount factor λ(< 1), and can be expressed as follows:
𝑑(𝑠) =

arg 𝑚𝑎𝑥
𝑎∈𝐴{𝑟(𝑠, 𝑎)

+ λ ∑𝑗∈𝑆 𝑝(𝑗|𝑠, 𝑎)𝑢(𝑗) }
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(Eqn. 5-5)

5.3.2 Structural properties
Before we examine the underlying structural properties of our problem, we first supplement the model
with the detailed characteristics of each action by assuming the following conditions:


A set of actions (𝐴) for the MDP is defined as 𝑎ℎ for ℎ = 1, … , 𝑛. ‘Do Nothing’ is set to 𝑎1
and all possible interventions for promoting CPAP adherence are indexed from 2 to 𝑛 (e.g.
𝑎2 , 𝑎3 … ) in order of efficacy. In other words, as an index of an intervention increases, the
efficacy of the intervention also increases.



For each action, the patient benefit does not decrease as the adherence level increases.



For each action, the cumulative probability of maintaining or improving the current adherence
level up to the highest adherence level increases as adherence level increases. In other words,
the probability that a patient showing higher adherence level in the previous period improves
their adherence level at the current period is greater than that of the one showing lower
adherence level in the previous period.



For the reward function, costs depend only on the intervention and not the adherence state.



The incremental effect of using a less-intensive intervention on the probability that the
adherence level will exceed a fixed level is smaller if current adherence levels are greater. This
assumption can be interpreted as a ceiling effect of an intervention. In other words, a chosen
action may result in different outcomes, depending on the current state and the overall efficacy
of the intervention, which tends to be lower when applied to patients in a higher state (e.g.,
state 3).

To reveal structural properties, we temporarily truncate the planning horizon to the finite horizon. We
then return it to the infinite horizon MDP problem by assuming that the optimal value of the discount
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infinite-horizon problem will inherit the same property of the optimal value of finite-horizon problem
(Hernández-Lerma and Lasserre 1996).
Under the assumed features, we can employ the concept of a monotone optimal policy to our problem.
The conditions that produce a monotone optimal policy are described as follows:
Theorem 1 (Puterman 1994).
For 𝑡 = 1, … , 𝑁 − 1,
(1) 𝑟𝑡 (𝑠, 𝑎) is nondecreasing in 𝑠 for all 𝑎 ∈ 𝐴.
(2) ∑∞
𝑗=𝑘 𝑝𝑡 (𝑗|𝑠, 𝑎) is nondecreasing in 𝑠 for all 𝑘 ∈ 𝑆 and 𝑎 ∈ 𝐴
(3) 𝑟𝑡 (𝑠, 𝑎) is a subadditive function on 𝑆 × 𝐴.
(4) ∑∞
𝑗=𝑘 𝑝𝑡 (𝑗|𝑠, 𝑎) is a subadditive function on 𝑆 × 𝐴 for all 𝑘 ∈ 𝑆, and
(5) 𝑟𝑁 (𝑠) 𝑖𝑠 𝑛𝑜𝑛𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑖𝑛𝑔 𝑖𝑛 𝑠
Under these assumptions, the MDP problem results in a monotone optimal policy as follows:
𝑑𝑡∗ (𝑠) is nonincreasing in 𝑠 for 𝑡 = 1, … , 𝑁 − 1
In our context, this monotone optimal policy can be interpreted as follows: for each decision time, the
optimal action at the lowest-adherence state provides an upper bound for the optimal action at the other
(i.e., improved) adherence state. For example, if the optimal action at State 1 is chosen, ‘Do nothing (Action
1), ’ at time t, then the optimal action for the other states (i.e., States 2 or 3) at time t must be chosen as ‘Do
nothing,’ which means we do not need to calculate optimal decision rules for those states. As a special case,
such a boundary condition of a monotone policy plays the role of a control limit when we have only two
actions.
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5.3.3 Assumptions on probable interventions
In addition to the structural properties mentioned previously, we assume that probable interventions
satisfy the following conditions:


When the current state is at the lowest-adherence level (𝑠1 ), then each intervention (𝑎ℎ , ℎ ≥ 2)
increases 𝑝(𝑠2 |𝑠1 , 𝑎ℎ ) by a factor of 𝛼ℎ and 𝑝(𝑠3 |𝑠1 , 𝑎ℎ ) by a factor of 𝛽ℎ . This will decrease
𝑝(𝑠1 |𝑠1 , 𝑎ℎ )

by

𝛼ℎ 𝑝(𝑠2 |𝑠1 ,𝑎1 )+𝛽ℎ 𝑝(𝑠3 |𝑠1 ,𝑎1 )
𝑝(𝑠1 |𝑠1 ,𝑎1 )

times

compared

to

baseline

so

that

∑i=1,..,3 𝑝(𝑠𝑖 |𝑠1 , 𝑎ℎ ) becomes 1.


When the current state is at the intermediate-adherence level (𝑠2 ), then each intervention
(𝑎ℎ , ℎ ≥ 2) increases 𝑝(𝑠3 |𝑠2 , 𝑎ℎ ) up to 1 by increasing 𝛾ℎ times. This will decrease both
𝑝(𝑠1 |𝑠2 , 𝑎ℎ ) and 𝑝(𝑠2 |𝑠2 , 𝑎ℎ ) down to 0 because the constraint ∑i=1,..,3 𝑝(𝑠𝑖 |𝑠2 , 𝑎ℎ ) = 1.



When the current state is the highest-adherence level (𝑠3 ), each intervention (𝑎ℎ , ℎ ≥ 2)
increases 𝑝(𝑠3 |𝑠3 , 𝑎ℎ ) up to 1 by increasing by a factor of 𝛿ℎ . Likewise, this will decrease both
𝑝(𝑠1 |𝑠3 , 𝑎ℎ ) and 𝑝(𝑠2 |𝑠3 , 𝑎ℎ ) down to 0 under the constraint ∑i=1,..,3 𝑝(𝑠𝑖 |𝑠3 , 𝑎ℎ ) = 1.

The second and third conditions above imply that all actions except ‘Do Nothing (𝑎1 )’ guarantee the
highest adherence state, as long as the current state is not the lowest state. This assumption is based on the
fact that a patient is highly likely to increase usage level even without interventions once he or she stays at
higher adherence states. Therefore, we can conjecture that any additional interventions will be highly
beneficial and increase the likelihood that most patients will achieve the highest adherence to CPAP.
Additionally, we assume that 𝛼ℎ and 𝛽ℎ are strictly positive, and the acceptable ranges of those parameters
are set as [0,

𝑝(𝑠1 |𝑠1 ,𝑎1 )−𝛽ℎ 𝑝(𝑠3 |𝑠1 ,𝑎1 )
]
𝑝(𝑠2 |𝑠1 ,𝑎1 )

and [

1−𝑝(𝑠3 |𝑠2 ,𝑎1 ) 𝑝(𝑠1 |𝑠1 ,𝑎1 )
]
,
𝑝(𝑠3 |𝑠1 ,𝑎1 ) 𝑝(𝑠3 |𝑠1 ,𝑎1 )

monotone optimal policy.
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respectively, to avoid a violation of a

∗
We define a boundary price, 𝑐ℎ,𝑠
, as the maximum value of the price, 𝑐ℎ,𝑠 in which the intervention, h,

is the optimal decision at the current state, s, under the given ratio of improvement. For example, 𝑐𝑎∗ 2 ,𝑠1 =
$10 means that the intervention (𝑎2 ) becomes cost-effective for the patient whose current state is 𝑠1 over
the ‘Do Nothing (𝑎1 )’ action, when the price of the intervention is less than or equal to $10. If the
intervention 𝑎2 costs more than $10, then the ‘Do Nothing (𝑎1 )’ action becomes an optimal action. The
boundary price has the following characteristics.

∗
Proposition 1. Under a monotone optimal policy, if either 𝛼ℎ or 𝛽ℎ increases, then boundary price 𝑐ℎ,𝑠
1

increases
Proof. Let 𝑎ℎ be the best action at the decision epoch, 𝑛∗ . From the optimality equation, the following
inequality should be satisfied;
∗

∗

∗

𝑐ℎ,𝑠1 + 𝜆𝑝(𝑠1 |𝑠1 , 𝑎1 )𝑣 𝑛 (𝑠1 ) + 𝜆𝑝(𝑠2 |𝑠1 , 𝑎1 )𝑣 𝑛 (𝑠2 ) + 𝜆𝑝(𝑠3 |𝑠1 , 𝑎1 )𝑣 𝑛 (𝑠3 )
∗

∗

∗

≤ 𝜆𝑝(𝑠1 |𝑠1 , 𝑎ℎ )𝑣 𝑛 (𝑠1 ) + 𝜆𝑝(𝑠2 |𝑠1 , 𝑎ℎ )𝑣 𝑛 (𝑠2 ) + 𝜆𝑝(𝑠3 |𝑠1 , 𝑎ℎ )𝑣 𝑛 (𝑠3 )

(Eqn. 5-6)

Eqn. 5-6 can be expressed as
∗

∗

𝑐ℎ,𝑠1 ≤ 𝜆𝑣 𝑛 (𝑠1 )(𝑝(𝑠1 |𝑠1 , 𝑎ℎ ) − 𝑝(𝑠1 |𝑠1 , 𝑎1 )) + 𝜆𝑣 𝑛 (𝑠2 )(𝑝(𝑠2 |𝑠1 , 𝑎ℎ ) − 𝑝(𝑠2 |𝑠1 , 𝑎1 ))
∗

+ 𝜆𝑣 𝑛 (𝑠3 )(𝑝(𝑠3 |𝑠1 , 𝑎ℎ ) − 𝑝(𝑠3 |𝑠1 , 𝑎1 ))
∗

∗

= 𝜆(𝑝(𝑠2 |𝑠1 , 𝑎ℎ ) − 𝑝(𝑠2 |𝑠1 , 𝑎1 )) (𝑣 𝑛 (𝑠2 ) − 𝑣 𝑛 (𝑠1 ))
∗

∗

+ 𝜆(𝑝(𝑠3 |𝑠1 , 𝑎ℎ ) − 𝑝(𝑠3 |𝑠1 , 𝑎1 )) (𝑣 𝑛 (𝑠3 ) − 𝑣 𝑛 (𝑠1 ))
∗

∗

∗

∗

= 𝜆𝛼ℎ 𝑝(𝑠2 |𝑠1 , 𝑎ℎ ) (𝑣 𝑛 (𝑠2 ) − 𝑣 𝑛 (𝑠1 )) + 𝜆𝛽ℎ 𝑝(𝑠3 |𝑠1 , 𝑎ℎ ) (𝑣 𝑛 (𝑠3 ) − 𝑣 𝑛 (𝑠1 ))
(Eqn. 5-7)
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∗
Also, 𝑐ℎ,𝑠
is defined as a maximum value of 𝑐ℎ,𝑠1 Thus,
1
∗

∗

∗

∗

∗
𝑐ℎ,𝑠
= 𝜆𝛼ℎ 𝑝(𝑠2 |𝑠1 , 𝑎ℎ ) (𝑣 𝑛 (𝑠2 ) − 𝑣 𝑛 (𝑠1 )) + 𝜆𝛽ℎ 𝑝(𝑠3 |𝑠1 , 𝑎ℎ ) (𝑣 𝑛 (𝑠3 ) − 𝑣 𝑛 (𝑠1 ))
1

(Eqn 5-8).
∗

∗

∗

Since 𝑣 𝑛 (𝑠1 ) ≤ 𝑣 𝑛 (𝑠2 ) ≤ 𝑣 𝑛 (𝑠3 ) by a monotone optimal policy, none of the terms in the right hand side
of Eqn. 5-8 can be negative.

∗
Therefore, 𝑐ℎ,𝑠
increases as either 𝛼ℎ or 𝛽ℎ increases. ∎
1

∗
Proposition 2. Under a monotone optimal policy, if 1 ≤ 𝑖 < 𝑗 ≤ 𝑛, then the boundary price 𝑐ℎ,𝑠
is
𝑖
∗
greater than or equal to 𝑐ℎ,𝑠
𝑗

Proof. Let 𝑎ℎ,𝑗 be the best action for 𝑠𝑗 at the decision epoch 𝑛∗ , where it is not the best action at the
next decision epoch 𝑛∗ + 1. By a monotone optimal policy, 𝑎ℎ,𝑖 at 𝑠𝑖 should be greater than or equal to 𝑎ℎ,𝑗
at 𝑠𝑗 at the epoch, 𝑛∗ . Further, at 𝑛∗ + 1, 𝑎ℎ,𝑖 should be still greater than or equal to 𝑎ℎ,𝑗 since 𝑎ℎ,𝑗 = 𝑎1,𝑗 .
∗
∗
∗
This means that 𝑎ℎ,𝑖 should be still optimal with the price 𝑐ℎ,𝑠
. Therefore, 𝑐ℎ,𝑠
≤ 𝑐ℎ,𝑠𝑖 . Since 𝑐ℎ,𝑠𝑖 ≤ 𝑐ℎ,𝑠
,
𝑗
𝑗
𝑖
∗
∗
𝑐ℎ,𝑠
should be greater than or equal to 𝑐ℎ,𝑠
.∎
𝑖
𝑗

Proposition 1 implies that if a certain intervention shows greater improvement on a patient's low
adherence over other actions, its monetary value also increases. For example, suppose there are two
interventions, 𝑎2 and 𝑎3 , and the improvement ratio of 𝑎3 is greater than that of 𝑎2 . In this case we can say
that 𝑎3 has higher monetary value compared to 𝑎2 . In other words, even if we choose 𝑎3 and pay more than
for 𝑎2 , we are still choosing a cost-effective action. Proposition 2 implies that the boundary price increases
as we apply the intervention to patients with poorer adherence. For example, if the boundary price turns out
to be $5 for a patient showing an intermediate level of adherence, then the boundary price of the same
intervention should not be less than $5 for the patient showing the lowest adherence level. Consequently,
the cost-effective policy can be interpreted and applied depending on the patient's current adherence state.
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5.4 Characteristics of cost-effective intervention policy
We investigate the characteristics of the optimal policy for implementing interventions to promote
CPAP adherence using the proposed MDP model with all conditions mentioned previously. The baseline
transition probabilities for each state are those shown in Table 3, which comprises transition probabilities
of the ‘Do Nothing (𝑎1 )’ action. For the transition probabilities of probable interventions, we use the
conditions discussed in Section 5.3.3. Also, for convenience, we designate the individuals who are using
CPAP with low level (𝑠1 ), intermediate level (𝑠2 ), and high, or acceptable level, (𝑠3 ) adherence as nonadherers, intermediate adherers, and adherers respectively.

5.4.1 Characteristics of cost-effective intervention policy for non-adherers
For parameterization of the benefit terms, we use 0.8 Quality Adjusted Life Years (QALY) for the
adherers and 0.74 QALY for both non-adherers and intermediate adherers, who are exposed to the risk of
OSA (Billings and Kapur 2013, Sadatsafavi, et al. 2009). As in several previous healthcare studies, we
assume 1.0 QALY is equivalent to $50,000. Based on this, Quality Adjusted Life Days (QALD) is used as
the daily benefit. In addition, we use 0.999972 as the daily discount factor (𝜆) (Alagoz, et al. 2004).
We begin with a two-action case for non-adherers; available actions are ‘Do Nothing (𝑎1 )’ and 1
available intervention (𝑎2 ) to promote adherence. The ranges of both 𝛼2 and 𝛽2 , the ratio of improvement
for the intervention (𝑎2 ), are restricted under the assumption of a monotone optimal policy. Value iteration
was used to solve the MDP (Puterman 1994). We find that the same boundary price for the intervention can
exist with different combinations of 𝛼2 and 𝛽2 . For example, the boundary price, $11.30, appears both
when 𝛼2 = 1.08 and 𝛽2 = 2.5 and when 𝛼2 = 2.5 and 𝛽2 = 2.3. From this perspective, we can plot equal
boundary prices on the filled contour map as shown in Figure 5-1. From the Figure, the overall trend shows
that boundary price increases as either 𝛼ℎ or 𝛽ℎ increases as shown in Proposition 1. In particular, given
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𝛼2 , the boundary price increases as 𝛽2 increases. Similarly, the boundary price for the intervention also
increases when 𝛼2 increases, given 𝛽2 .
The highest boundary price was observed when 𝛽2 is highest, compared to when 𝛼2 is highest.
Intuitively, this trend is reasonable, since 𝛽2 indicates that the amount of increase on 𝑝(𝑠3 |𝑠1 , 𝑎2 ), which
represents the greatest improvement in CPAP adherence for non-adherers, thereby the most significant
factor to increase the boundary price. For all combinations of the ratio of improvement, the range of
boundary price turns out to be between $9.10 and $14.90. This result can be interpreted as follows; if the
cost of the intervention is less than or equal to $9.10, then the intervention is always cost-effective for nonadherers over the ‘Do Nothing (𝑎1 )’ action. Likewise, if the intervention (𝑎2 ) costs more than $14.90, then
doing nothing is always cost-effective for non-adherers over any interventions.

Figure 5-1 Boundary price ($) of an intervention given improvement ratio, αh and βh
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5.4.2 Cost-effectiveness of interventions
With Markov models and MDP discussed earlier, we examine the cost-effectiveness of actual and
probable interventions designed to promote CPAP adherence. We consider two types of intervention in this
section: clinical intervention and frequent intervention. First, clinical interventions focus on creating the
best-case scenario for CPAP use in the early stages, and are usually performed in a limited time frame,
possibly even in a single delivery of the intervention, often at the outset of treatment initiation. Examples
of clinical interventions include educational interventions, behavioral interventions, and supportive
interventions (Wozniak, et al. 2014). For the other type of intervention, referred to as frequent, we consider
repeatable interventions that can be implemented repeatedly over an extended period of time, such as selfmanagement strategies delivered/accessed with mobile technologies (mTech). This type of intervention can
be considered a component of chronic care management, in that it can help a patient to maintain acceptable
CPAP use throughout his or her lifetime.

5.4.2.1 Clinical interventions
Although some studies have reported efficacy of interventions to promote adherence to CPAP use, the
cost-effectiveness of interventions have not yet been studied (Wozniak, et al. 2014). Since most clinical
interventions are one-time interventions, MDP may not be the best approach for calculating their costeffectiveness. Therefore, instead of using MDP, we utilize a Markov model and steady state probabilities
for each state as inputs for examining the cost-effectiveness of the corresponding intervention. Specifically,
we perform a Monte Carlo experiment to generate probable CPAP usage data given the reported efficacy
of each intervention. After that, we build a Markov model using the generated usage data and obtain its
steady state probabilities in order to estimate the proportion of each state. Finally, we calculate the
maximum possible cost that does not exceed the benefit, which is monetized using QALY for each steady
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state probability. As a baseline Markov model, we use the results in Table 5-1 and compare them to the
intervention scenario.
For a clinical intervention, we selected two evidence-based intervention studies by considering the rigor
of each study; one is the use of a training video, which is a type of educational intervention (Basoglu, et al.
2012), and the other is a motivational interviewing intervention (MINT), which is a behavioral intervention
(Olsen, et al. 2012). We adjusted the parameters of the reported efficacy for both interventions to compare
them with the baseline model, then performed a Monte Carlo simulation to generate CPAP usage data under
each intervention scenario. Based on the Markov model for each intervention, we then obtained steady state
probabilities as shown in Table 5-2. To calculate the maximum possible cost for each intervention, we use
the same QALYs for non-adherers and adherers as stated in Section 4.1. Given the results shown in Table
5-2, the maximum possible cost for the training video is estimated as $100.50. This result indicates that the
corresponding intervention is cost-effective as long as its cost is less than $100.50. For the MINT, the
maximum possible cost is estimated as $432.30, which is higher than the educational intervention. This
result can be interpreted as MINT having a higher efficacy compared to a training video.
Since there is no cost information reported for either study, we estimate a reasonable cost range for
each intervention by assuming the following. Practically, we can assume that a training video takes a total
of 45 minutes with assistance from either a registered sleep technologist (about $26/hr) or a non-registered
sleep technologist ($19/hr). Given this assumption, we can determine that the training video is cost-effective
for promoting a patient's CPAP adherence, since its estimated cost (i.e., $19.50 per intervention, at most)
is less than the maximum cost, $100.50. As for MINT, if the intervention is assumed to be delivered by a
registered nurse ($42/hr) and intervention time is assumed to be 170 minutes total (i.e., 30 minutes for both
MINT sessions, 20 minutes for a booster session, and an additional 30 minutes for preparation per session),
then it can also be regarded as a cost-effective intervention, since its estimated cost (i.e., $119 per
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intervention) is less than $432.30. Consequently, we can conjecture that both interventions are costeffective under the assumptions specified above.
Table 5-2 Intervention scenario and estimated steady state probabilities for each scenario

Steady state probabilities

Intervention
Scenario
No Intervention
(Baseline model)

π1

π2

π3

0.322

0.068

0.61

0.209

0.147

0.645

0.150

0.096

0.754

A training video
(Educational
Intervention)
MINT
(Behavioral
Intervention)
5.4.2.2 Frequent interventions in a chronic care management
Few studies have been explored the efficacy of a frequent intervention on CPAP adherence as a
component of a chronic care model. For illustration purpose, we assume probable interventions to improve
CPAP adherence and evaluate the cost-effectiveness under the MDP model discussed previously. For the
action set of this illustration, we define the three-action case (‘Do Nothing (𝑎1 ),’ ‘Intervention A (𝑎2 ),’ and
‘Intervention B (𝑎3 )’) for all adherence groups of patients. Also, we use three experimental sets for the
illustration: 1) small differences, 2) intermediate differences, and 3) large differences in 𝛽ℎ between the
two probable frequent interventions (Table 5-3). 𝛽ℎ is used in this illustration since it has been previously
shown as the more critical factor to determine a boundary price. 𝛼ℎ is set as the maximum possible value
given 𝛽ℎ , and this implies that 𝑝(𝑠1 |𝑠1 , 𝑎ℎ ) for each intervention is close to 0. In other words, all
experimental sets used here assume that nearly 100% of non-adherers improve their adherence level.
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However, 𝑝(𝑠2 |𝑠1 , 𝑎ℎ ) and 𝑝(𝑠3 |𝑠1 , 𝑎ℎ ) are different for each intervention, h, depending on its efficacy in
improving adherence level.
The optimal action chosen for each experiment set is plotted as shown in Figure 5-2. In the figure, the
leftmost, mid and rightmost columns represent non-adherers, intermediate adherers and adherers,
respectively. Top, middle and bottom rows are the results of the experiment sets 1, 2 and 3, respectively. A
line representing the same cost for both actions is inserted for each plot. Intuitively, the cost of Intervention
B (a3 ) is more expensive than that of Intervention A (a2 ) since all experiment sets assume β3 is greater
than β2 . Thus, a2 , with lower efficacy, can never be chosen over a3 , with higher efficacy, when the cost of
a2 is greater than that of a3 ; this is depicted in Figure 5-2. When cost of a2 is less than that of 𝑎3 , it turns
out that ‘Do Nothing (𝑎1 )’ is not an optimal strategy for non-adherers (the three leftmost plots in Figure 5-2)
for any case unless the cost is too high ($11 or greater). Another interesting finding is that, as the two
interventions show larger differences in improvement, Intervention B (𝑎3 ) (the more costly intervention) is
more frequently chosen as an optimal action for non-adherers. In the case of intermediate adherers, ‘Do
Nothing’ (𝑎1 ) and Intervention A (𝑎2 ) were always chosen as the optimal action over Intervention B (𝑎3 )
when 𝑎2 costs less than Intervention 𝑎3 . For adherers, ‘Do Nothing (𝑎1 )’ was chosen as the optimal strategy
unless the cost of both interventions (𝑎2 and 𝑎3 ) is less than $1.
Table 5-3 Three experiment sets
Experiment Set

Intervention

𝛽ℎ

1

Intervention A (𝑎2 )

2.11

(small differences)

Intervention B (𝑎3 )

2.3

2

Intervention A (𝑎2 )

2.11

(intermediate differences)

Intervention B (𝑎3 )

2.7

3

Intervention A (𝑎2 )

2.11

(large differences)

Intervention B (𝑎3 )

3.47
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Figure 5-2 Optimal policy for three-action case (two frequent interventions and ‘do nothing’)

5.5 Chapter summary
In this chapter, we develop a Markov model for a patient’s CPAP usage behavior. The transition
probabilities among the degree of adherence for each cohort are estimated based on demographic
information. We find that a patient who shows the lowest-usage level is less likely to improve their usage
compared to other groups. This implies investing in adherence interventions for individuals at the lowestusage can be cost-effective. Further, we note that the transition for staying at the highest-usage level is quite
high, which implies that interventions to promote CPAP usage may not be cost-effective for this type of
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patient .Such results offer insights to effective policy decisions to reduce the burden of non-adherence to
CPAP in the treatment of OSA in a cost-conscious approach.
The numerical examples for the MDP model in this section illustrate differences in cost-effectiveness
for cohorts of CPAP users that demonstrate different adherence levels. Specifically, patients showing
different adherence levels may benefit from different intervention policies, and interventions may not be
appropriate for all adherers. It is imperative that consideration of the economic aspects of treatment be
addressed before actual interventions are translated to healthcare settings, particularly in resourceconstrained environments that are clinically engaged in the chronic care management of OSA.
Since this chapter represents the initial stage of implementing actual interventions with CPAP users,
future research will consider the fully developed MDP model with randomized controlled trial intervention
data to improve the basic model. Further considerations for improving the model include 1) examining
various interventions to promote CPAP use, 2) establishing more precise and practical associated rewards
for each intervention, and 3) consideration of any possible learning effects related to using CPAP devices
in the model. We can vary the kind of intervention to determine the best intervention among the possible
candidates and determine how the optimal policy can be changed accordingly. This will require a more
precise estimate of the cost term for each candidate intervention. In addition, although we ignore any
beneficial learning effects over time during interventions in this chapter, we can address this issue by using
multiple MDP models for different time periods, which will result in different strategies for promoting
CPAP use over time. More importantly, compared to most MDP applications in healthcare areas, the
Markov model appearing in this chapter does not have any absorbing state (e.g., discharge, death) and
thereby steady state probabilities for all states exist between 0 and 1. Many perturbation theories for a
Markov model have been studied to investigate the change of steady state probabilities against any changes
in transitions in a Markov model (Aos, et al. 2004, Jones, et al. 2008). Thus, it would be meaningful to
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utilize such perturbation theories to identify which intervention most effectively helps the patient transition
to a higher adherence state, which is a primary goal of chronic care management of OSA.
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CHAPTER 6
MODELING AND ANALYSIS OF PREVENTION
SERVICES
Prevention services have been widely implemented to improve the mental health care of the youth
population to reduce antisocial, criminal and disruptive behaviors. Despite the advantages of prevention
services, however, relatively few studies focus on engineering the various aspects of prevention services
by optimizing planning, design, and decision making through every stage of implementation in order to
increase benefits both effectively and efficiently. In this chapter, we model resource allocation from the
long-term planning perspective and illustrate a decision-making problem from a short-term planning
perspective. Lastly, we introduce an IT system that has been developed to support prevention services
electronically and discuss the use of information collected by the system during the implementation stage.

6.1 Introduction
The science of preventing behavior problems in the youth population has significantly advanced
through the development of evidence-based prevention programs (EBP) through randomized clinical trials
(Greenberg, et al. 1999). It has been known for some time that effective EBP can reduce delinquency,
aggression, violence, bullying, and substance abuse in the youth population. EBP services are commonly
delivered to youths and sometimes to their families; delivery can be individualized or in groups, through
both school and community settings.

The chapter 6.3 is based on the following article: Kang, Y. and Prabhu, V. V.(2011) An approach for dynamic optimization of
prevention program implementation in stochastic environments. Social Computing, Behavioral-Cultural Modeling and
Prediction, 260-267.
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From a long-term perspective, EBP contributes to the reduction of crime rates, thereby reducing the
amount of money that taxpayers have to spend on the justice system, which includes expenses such as law
enforcement salaries, court costs, prisoner care, and prison maintenance (Jones, et al. 2008). Several studies
have explored cost-effectiveness and return-on-investment (ROI) for each EBP in terms of fiscal benefits
derived from successful outcomes (Aos, et al. 2004, Miller and Hendrie 2009). More importantly,
policymakers are interested in evaluating the effectiveness of EBP given budget constraints, thereby
determining the most appropriate EBP services or their most appropriate prioritization, considering both
the needs of the community and the cost-effectiveness of each EBP (Jones, et al. 2008). In the following
section, we explore these problems using the facts and figures of EBPs currently implemented in
Pennsylvania. The analysis of the data reveals noteworthy results that offer decision makers insights on
how to budget for various EBPs with limited resources.
In addition, from the implementation perspective, there are challenges to delivering prevention
services through EBPs. One challenge is that the quality of EBP implementation is difficult to improve
because of the complex interplay between EBP and the natural world. Another challenge is the absence of
an IT system capable of sustaining and supporting EBP implementation. For these challenges, it has been
shown that the Markov Decision Process (MDP) can be a candidate model to help determine the most costeffective prevention services, considering the stochastic environment that can occur during implementation
(Kang and Prabhu 2011), and this will be illustrated briefly in this chapter. Finally, we introduce the
INSPIRE system, which has been built to support some EBPs in Pennsylvania, and we describe its potential
benefits from a research perspective.

6.2 Prioritization of EBPs in a planning stage
Policymakers and lawmakers must properly balance investments to support both EBPs and the formal
justice system (including police, court, and prison costs.) However, the cost of the formal justice system
has grown dramatically with the increased capacity of correctional facilities and other societal adjustments
caused by correlative crimes. Although many policy researchers have demonstrated that supporting

prevention services is a more cost-effective approach to reduce crime rate from a long-term perspective,
relatively few studies have explored how policymakers can prioritize EBPs when their EBP-support budgets
are limited. In this section, we explore this problem and prioritize EBPs under a limited budget using a
mathematical programming approach, and in particular a goal programming approach.

6.2.1 Model formulation
We model a problem for prioritizing EBPs by considering ROI and the needs of communities (demand)
given a limited budget. For this, we first consider goal programming, attempting to cover the estimated
demand for each EBP under budget constraints. In cases of unmet demand, we employ a weighted penalty
system, in which each EBP carries a different weight to penalize unmet demand. As a candidate for the
weights, we use the actual reported ROI information for each EBP. In other words, the higher the ROI of
an EBP, the higher the imposed penalty will be on the respective EBP due to the unmet demand.
Eqn 6-1 shows the objective function of the model. 𝑤𝑖 and 𝑑𝑖− stand for ROI and unmet demand
for the EBP i, respectively. As a constraint of the model, we first consider a budget constraint for supporting
all EBPs (Eqn 6-2). The total budget is denoted as B, while the individual budget for each EBP i is denoted
as 𝑥𝑖 . As another constraint, we consider a demand constraint that each EBP needs to satisfy (Eqn 6-3). For
this, we invert the cost coefficient (𝑐𝑖 ) for each EBP to represent the number of participants that can be
supported with one dollar. Thus, (1/𝑐𝑖 )𝑥𝑖 represents the total number of participants under the given budget
𝑥𝑖 . Since (1/𝑐𝑖 )𝑥𝑖 may not meet the estimated demand for the EBP, two variables representing unmet
demand (𝑑𝑖− ) and surplus demand (𝑑𝑖+ ) are introduced in Eqn 6-3. Additionally, non-negative conditions
for 𝑥𝑖 , 𝑑𝑖− and 𝑑𝑖+ are considered for the goal programming. Finally, the problem can be formulated as the
following set of equations:

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑𝑖∈𝐸𝐵𝑃 𝑤𝑖 (𝑑𝑖− )
81

(Eqn. 6-1)

ST.
∑𝑖∈𝐸𝐵𝑃 𝑥𝑖 = 𝐵

(Eqn. 6-2)

(1/𝑐𝑖 )𝑥𝑖 + 𝑑𝑖− − 𝑑𝑖+ = 𝐾𝑖
𝑥𝑖 , 𝑑𝑖− , 𝑑𝑖+ ≥ 0 ,

, ∀𝑖 ∈ 𝐸𝐵𝑃.

∀𝑖

(Eqn. 6-3)
(Eqn. 6-4)

6.2.2 Estimation parameters
In order to use actual prevention programs for the model, we refer to the annual state report that contains
EBP information implemented throughout Pennsylvania (Jones, et al. 2008). Currently, the Pennsylvania
Commission on Crime and Delinquency (PCCD) has invested in several EBPs to reduce community crime
and delinquency in 120 communities in Pennsylvania. The following seven EBPs are currently in
widespread use throughout the state:


Big Brothers/Big Sisters (BBBS): Aims to prevent youth misbehavior through the support of
youth-adult relationships. The term “Bigs” refers to adult volunteers, while “Littles” refers to
youth.



LifeSkills Training (LST): Aims to prevent violence and drug abuse, primarily targeted to middle
school age students.



Multidimensional Treatment Foster Care (MTFC): An intensive intervention aiming to prevent
misbehavior such as substance use or violence in a treatment setting. A type of foster care is
provided by foster parents through 24-hour on-call assistance, clinical care, mentoring activities,
and integrated types of community care.



Multisystemic Therapy (MST): An intensive intervention aiming to prevent reoccurrences of
misbehavior of adolescents who once had contact with juvenile court systems. Participants are
treated with cognitive-behavioral therapy, which is provided by trained professionals.
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Functional Family Therapy (FFT): An intensive intervention aiming to prevent any type of
misbehavior through engagement and motivational approaches.



Nurse-Family Partnership (NFP): Aims to prevent the misbehavior of children through
interventions for both children and their parents. In NFP, a trained nurse is involved in the earlier
stage of child mental health development to improve the physical and emotional health statuses of
both mother and child.



Strengthening Families Program 10-14 (SFP): Aims to strengthen the relationship between parents
and their children by teaching communication techniques, parenting rules, and empathy sharing.

For parameterization of the model, we refer to the figures and facts that appear in the state report. The
detailed input parameters are summarized in Table 6-1. Since the cost for each EBP has not been given
explicitly, it has been induced by dividing “Benefit minus cost per participant” with “Return on Investment
(𝑤𝑖 ).” The results described in this section are subject to change depending on the cost of each EBP, since
the cost in the table was estimated using the secondary information appearing in the report.
Using the information in Table 6-1, the total budget needed to support all EBPs can be readily calculated
using the estimated demand and cost, and it turns out to be $53,811,190. Therefore, we can reasonably infer
that if the total budget (𝐵) is less than $53,811,190, then some EBP expenses cannot be met, due to the
estimated demand. Since there is no reported annual budget for supporting all EBPs, we cannot determine
if the obtained dollar figure reflects the real annual budget. Instead, we solve the goal programming defined
above by increasing the total budget (𝐵) from $0 by $100,000 until it reaches $53,811,190. We then
examine how the solution changes, accordingly. Lindo 8.0 was used to solve the problem. We do not discuss
the computational time taken for the problem, since the problem is small enough to be solved in a second.
Table 6-1 The details of input parameter used in the model
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Benefit minus

Annual demand

Return on

(𝐾𝑖 )

Investment (𝑤𝑖 )

BBBS

7000

1.01

$54

$53.47

LST

20000

25.72

$808

$31.42

MTFC

18

11.14

$79331

$7121.28

MST

1800

3.61

$16716

$4630.47

FFT

4169

14.56

$32707

$2246.36

NFP

3200

3.59

$37367

$10408.65

SFP

2000

7.82

$6541

$836.45

EBP

cost per
participant

Estimated cost per
participant1) (𝑐𝑖 )

*Note: 1) The cost information has been estimated from other data in the table
6.2.3 Priority among EBPs
Figure 6-1 shows the percentage of fulfillment of demand of each EBP as the total budget increases.
From the figure, we can observe that fulfillment of demand for each EBP occurs in order. Namely, if a
certain EBP begins with budgeting for demand, other EBPs wait until the currently budgeting EBP is
completely done. From the figure, the fulfillment order is as follows: LST, BBBS, SFP, FFT, MTFC, MST,
then NFP. For example, when the total annual budget given is $10 million, fully budgeting for the first three
EBP (i.e., LST, BBBS, and SFP) and then partially budgeting for FFT becomes the optimal solution under
the given budget. Interestingly, this fulfillment order is different from the order of ROI, cost, or demand of
each EBP (Table 6-2). This result can be interpreted in the following way: the goal programming illustrated
here considers all aspects of EBP, such as ROI, cost, and demand of each prevention program. For example,
if we only consider ROI figures to prioritize EBPs, we may set the lowest priority for BBBS, which has the
lowest ROI among the EBPs. However, this would overlook the fact that BBBS has the second largest
demand from the community, and its cost is also the second cheapest compared to other EBPs. Therefore,

84

considering those aspects of BBBS, setting BBBS as the lowest priority for budgeting might not be a wise
option.
Long-term planning given a limited budget can be demanding for policymakers, since it requires
the consideration of every aspect of all EBPs. In light of this, the suggested procedure for prioritizing EBPs
in terms of demand, benefits, and cost could be a good starting point to establish long-term planning for
EBPs, and this finding can be useful for policymakers as they budget various statewide-EBPs.

Figure 6-1 Percentage of fulfillment of demand
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Table 6-2 Order of each EBP by several criteria
The order of

Result of goal

ROI

Demand

Cost

fulfillment

programming

(Higher is better)

(Fewer is better)

(Cheaper is better)

1

LST

LST

MTFC

LST

2

BBBS

FFT

MST

BBBS

3

SFP

MTFC

SFP

SFP

4

FFT

SFP

NFP

FFT

5

MTFC

NFP

FFT

MST

6

MST

MST

BBBS

MTFC

7

NFP

BBBS

LST

NFP

6.3. Modeling EBP implementation as MDP
We mention earlier that the quality of EBP implementation is difficult to improve because of the
complex interplay between EBP and the natural world. In this section, we present an idea for optimizing
EBP implementation in stochastic dynamic environments. Our presentation is especially focused on the
Markov Decision Process (MDP) approach for dynamically optimizing EBP implementations. To this end,
we illustrate its potential application using numerical examples and discuss the challenges in applying the
MDP approach for EBP implementation in practice.
6.3.1 Model definition
For illustration purposes, let us consider a widely-used EBP, PATHS (Promoting Alternative THinking
Strategies). PATHS is a school-based program for promoting emotional and social competencies and
reducing aggression and behavior problems in elementary school-aged children while simultaneously
enhancing the educational process in the classroom (Greenberg 2004). PATHS is a universal program, in
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the sense it is delivered to all the youth in the class. The curriculum provides teachers with systematic,
developmentally-based lessons, materials, and instructions.
There are two major stochastic processes in PATHS implementations. The first major stochastic process
is the dynamic transitions in a youth’s mental state. We consider this to be stochastic from a modeling
perspective because the actual learning process in a specific class member is too complex, and current
science cannot deterministically predict the social and emotional changes caused by PATHS in a specific
individual. The second major stochastic process is the dynamically changing environment. Again, we
consider this to be stochastic from a modeling perspective because the actual interplay between the
environment and a specific youth is too complex, and current science cannot deterministically predict the
social and emotional changes in the youth that are caused by changes in environment. The net combined
effect of PATHS and the environment is therefore modeled as causing random transitions in a youth’s
mental state, 𝑠 ∈ 𝑆. A crucial aspect of the model is to quantify the probability of transitioning from one
state to another. States can be defined as scalar or vector quantities depending on the intended purpose and
richness of the model. For example, in a PATHS implementation, a youth’s Social Health Profile (SHP),
such as authority acceptance, cognitive concentration and social competence, can be used to represent the
state vector for the youth, which can be measured periodically through observations by teachers and others
(Bierman, et al. 2010). ‘State’ could also include a youth’s aggressive, hyperactive-disruptive, and prosocial
behaviors measured through peer reports (Bierman, et al. 2010). Depending on the purpose of the model,
‘state’ can be a vector or a scalar index that quantifies the youth’s social and emotional state. Instead of
modeling at the individual youth level, we could also consider the problem at a higher level of aggregation,
such as a classroom or school. The set of all the states and the transition probabilities can be used to derive
the statistical properties of the system’s future.
Possible actions , 𝑎 ∈ 𝐴, for controlling PATHS implementation could be improving the dosage and
fidelity of the implementation, providing additional technical assistance to the teacher(s) delivering the
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program, or providing additional intensive intervention to high risk youth. The premise of MDP modeling
here is that the actions taken will influence the dynamic state transitions even though the actions themselves
cannot completely determine the outcome. The menu of actions that are available will depend on the
available budget and resources for the specific implementation in practice. A series of such actions are
taken at each decision epoch, t, over the decision horizon, 𝑁. The decision epoch in PATHS could be every
month or every academic semester, and could vary depending on the specific implementation. The decision
horizon can be an academic year or multiple years, depending on the planning horizon of the particular
implementation. There is a quantitative reward, 𝑟𝑡 (𝑠, 𝑎), corresponding to each state and action. In EBP
implementations, reward can be a combination of costs and benefits of both the current state and the chosen
action. In particular, the cost can be regarded as a negative reward, while the benefit can be treated as a
positive reward. The core problem of MDP is to select the policy, 𝑑𝑡∗ (𝑠), to maximize the reward over the
planning horizon by solving the following optimality equation.
𝑑𝑡∗ (𝑠) =

arg 𝑚𝑎𝑥
𝑎∈𝐴{𝑟𝑡 (𝑠, 𝑎)

∗
+ ∑𝑠′ ∈𝑆 𝑝(𝑠 ′ |𝑠, 𝑎)𝑢𝑡+1
(𝑠 ′ ) }

(Eqn. 6-5)

∗
where s ′ is the state at t + 1 and ut+1
(s ′ ) is the expected future reward for 𝑡 = 1, … , 𝑁 − 1

6.3.2 Illustration 1: Stochastic dynamics of EBP
Let us consider the Social Competence (SC) measure in SHP as the state for this illustration. Figure 6-2
graphically represents the Markov Chain that models the stochastic dynamics using state transition
probabilities without any prevention intervention. Figure 6-3 represents the Markov Chain model with
prevention intervention. Note that in Figure 6-3 there is higher probability of transitioning to a better SC
state compared to Figure 6-2. These stochastic models can be used for a variety of analysis, such as
predicting long-run social competence by computing the steady state probabilities, which is illustrated in
Figure 6-4. We can also use this to readily estimate long-run reward by using cost and/or benefit of each
state.
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Figure 6-2 Dynamics of SC without prevention intervention
Each circle represents the state indicating the level of SC of the individual participant. A higher level
of SC represents a better outcome in terms of social competence. Arcs are the transition between the states,
and the number on the arc is the probability of the transition.

Figure 6-3 Dynamics of SC with prevention intervention

6.3.3 Illustration 2: Decision making in EBP implementation using MDP
The Markov Chain models in the previous illustration can be extended for optimizing decision making
in EBP implementation using an MDP model. To illustrate this we use the transition probabilities shown in
Figure 6-2 and Figure 6-3. For the illustration, we suppose that the cost of the prevention intervention is
$120 for each decision epoch, and assign 60%, 70%, 80%, 90%, 100% of 1 QALY (equivalent to $50000
per year) as the amount of benefit from SC level 1 to level 5, respectively. Additionally, we assume a finite
planning horizon with 30 decision epochs for the illustration.
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MDP considers the maximum cumulative reward value from the current decision epoch onwards. In
other words, no matter what the history of the state or action was, MDP only focuses on maximizing the
value of sum of the current reward and the expected future rewards based on only the current state.

Figure 6-4 Steady State Probability for scenarios with and without prevention intervention

Figure 6-5 Illustration of optimal action for each state over 30 decision epochs
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We define reward for each pair of state and action, and calculate it by summing the corresponding cost
and benefit. Figure 6-5 illustrates two different actions (No Prevention and Prevention) for each state over
30 decision epochs. From the figure, we can observe that when the state is in SC level 1,2 or 3, then
prevention intervention always results in the best choice over the periods. On the contrary, if the current
state is in either SC level 4 or 5, then 'No prevention' can be the best choice over some periods (The first
16 decision epochs for SC level 4 and 29 decision epochs for SC level 5). This example MDP model
indicates that when the SC level is already at the desirable level, it might not be improved by intervention
to justify the cost.
MDP modeling of prevention implementation could help researchers and practitioners to obtain new
insights into the underlying dynamics and cost-effectiveness of prevention interventions. However, there
are several challenges in using the MDP approach for EBP. The first challenge is to identify the structure
and parameters of the MDP model, such as appropriate definition of the state and estimation of state
transition probabilities. In particular, state transition probabilities and reward should reflect the
characteristics of the EBP implementation with adequate accuracy. A related issue is to assign transition
probabilities from sources such as prior randomized clinical trials of EBP. It should be noted that the MDP
approach provides the optimal policy in terms of the reward, as determined by cost and benefit. Therefore,
the usefulness of the approach will be limited by the accuracy of the cost and benefit estimates, especially
in any monetization.
6.4 IT system for prevention services
Information technology (IT) has enabled the prevention-related community to conduct prevention
programs with corresponding technical support, real-time monitoring, and implementation. In this section
we introduce IT-based system for supporting prevention services and describe how we utilized the system
to collect data and support various activities of a prevention program, especially for EBP.
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The Integrated System for Program Implementation and Real-time Evaluation (INSPIRE) system is a
web-based system that supports schools and prevention-related communities in administering, sustaining
and implementing EBPs. In addition, it has a capability to integrate legacy systems (school records, census
data, etc.), by collecting existing electronic types of data and utilizing it in a real-time manner. More
importantly, the INSPIRE system provides prevention researchers with the potential to thoroughly examine
the quality of implementations and outcomes of prevention programs.
The specific objectives of the INSPIRE system are to 1) collect information from the on-site users such
as teachers/consultants/therapists/providers who implement programs and 2) visualize the gathered
information from various perspectives. Initially, the INSPIRE system was designed for typical K-12 schools
in the U.S and adapted for their prevention programs by supplying specific program implementation
information such as intervention dosage, reliability, and participant behaviors. Its primary features can be
summarized as follows:


Various prevention program features that can occur during the stage of enrollment, discharge and
discharge follow-ups of a participant



Visualization of the outcomes and capability to export into various types of electronic files.



Role-based software with secured access that allows for use only by pre-authorized users



Extendible system that is capable of extending to other types of prevention programs

Since the first version of INSPIRE was introduced a decade ago, there have been many variants of the
INSPIRE system. The most recent variant of INSPIRE (version 3.0), which was developed in 2010, has
been used for several prevention programs, especially MTFC, MST and FFT. From a software architecture
perspective, INSPIRE version 3.0 is based on .NET Framework 3.5 and consists of a three-tier system
(Microsoft Silverlight 3.0 as a UI foundation, Internet Information Services (IIS) 7.0 as a web-server and
Microsoft SQL Server 2005 as a database/data warehouse system). The detailed architecture of the current
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INSPIRE is as shown in Figure 6-7. The following are the main technological features of the current version
of INSPIRE.


Rich Internet Application provided by Microsoft Silverlight technology: This feature mainly
focuses on user-friendly and intuitive ways of collecting data and retrieving information (Figure
6-6)



Secured Environment: According to HIPAA (Health Insurance Portability and Accountability Act)
privacy rules, all personal health information (PHI) are encrypted and stored securely in a database.
Also, all transactions between clients and server are encrypted using Secure Sockets Layer (SSL)
technology.

Figure 6-6 Example of user interface for MST program implemented in INSPIRE (Left: an interface
for enrollment data; Right: a report from MST)
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Figure 6-7 Software architecture of INSPIRE
(Note: SSL1): Secure Socket Layers, WCF2): Windows Communication Foundation)

6.5 Chapter summary
Prevention services are known to be a cost-effective approach to reduce crime rates and have been
widely implemented throughout the United States. In light of this circumstance, emphasis must be placed
on understanding the nature of prevention services and applying useful engineering approaches to
prevention services to optimize outcomes, especially in the stages of planning and implementation. In this
chapter, we reviewed evidence-based prevention programs (EBP) and illustrated prioritization of EBPs
considering benefit, demand, and cost perspectives. We suggested the use of MDP to determine the most
cost-effective policy under the dynamic and complex interplay that can exist during the implementation
stage. For another implementation perspective, we discussed an IT system that has been developed to
support school-based or prevention-related communities through an IT environment with rich application
interfaces and many useful features.
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Potential extensions of this research include the following: 1) Planning EBP by considering
hierarchical conditions and multi-year conditions, 2) Dynamic optimization in uncertain environments, and
3) Utilization of data from the INSPIRE system. Practically, the assignment of budgets among EBPs is
based on the outcomes of hierarchical planning from a community level through the state government level.
To estimate the demand for EBPs, for example, communities perform annual surveys—PA Youth Survey
(PAYS) in the case of Pennsylvania—and examine prevention needs based on the results. After that, the
survey results are included in funding requests to PCCD, which collects such requests from 120
communities in Pennsylvania. The collected demand information is then used as primary input for
determining long-term plans for supporting EBPs. Furthermore, some EBPs may need two or more years
to be fully implemented, which necessitates multi-year planning of EBPs. Consequently, such hierarchical
and multi-year conditions must be considered in the planning stage.
Another issue in understanding the dynamics of prevention services is that any given youth’s
mental state will not be directly accessible. Any observations by teachers, parents, peers or self will be, at
best, a probabilistic estimate of the true mental state. We can model such situations using a special case of
the MDP approach called the Partially Observable Markov Decision Process (POMDP); this will be an
interesting perspective for our future research on the MDP approach.
Finally, we are investigating various assessments that are used in EBPs from a research perspective.
The Logical Analysis of Data (LAD) approach, for example, can be used to examine which factors of an
assessment explain the result of another, usually more expensive, assessment, thereby reducing costs by
allowing use of the cheaper assessment. In addition, we can consider cost-effective analysis using followup data from the INSPIRE system to determine which follow-up action would be the best choice for a
participant. Consequently, analysis of accumulated data from INSPIRE has great potential to advance
outcomes of EBPs, and future work will explore the topics listed above.
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CHAPTER 7
CONCLUSIONS AND FUTURE RESEARCH
The objective of this research is to develop methods for analysis of information and explore the
structure of decision-making for optimal policy using data from healthcare and prevention services. To this
end, we develop a framework for information analysis, analyze information using a data mining approach,
and model a stochastic decision making problem that can be generally applied to healthcare and prevention
services.
First, the quantitative combined methods we suggest in this research can be useful in comparing
multiple healthcare survey instruments. Specifically, we focus on the development of a framework that can
quantitatively interpret different outcomes using techniques common in the social sciences, such as
triangulation and complementation. With the suggested framework, we could explore meaningful
relationships underlying the results regardless of the kind of instrument, and we believe that these findings
will provide new insights to understand and improve healthcare survey instruments. As another application
of information analysis, we analyzed sequential information, of a type that we can frequently observe in the
healthcare area, and we utilized the prevailing sequence data mining approaches for the analysis. We
applied a quantitative combined method to the outcomes from the data mining analyses and showed an
example of how we can perform data analysis with various analysis techniques.
As an example of a decision-making problem from the healthcare area, we explore the costeffectiveness of intervention policies using the Markov Decision Process (MDP) and illustrate a guideline
for economically intervening with patients in terms of a chronic care management perspective. Lastly, we
address current issues in prevention services, which is another type of healthcare, and obtain a planning
strategy and illustrate dynamic intervention strategies in the implementation stage.
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In future research, it may be possible to develop a framework that can integrate information as input
and feedback with the decision-making problem. Specially, many medical decisions are made in the earlier
stages of intervening with patients, with limited information. However, the information accumulates as
interventions continue and new information needs to be incorporated into the ongoing intervention plan for
the patient. Furthermore, patients may respond differently to a given intervention, requiring that the strategy
be updated accordingly from the initial strategy. With these considerations, we can develop a personalized
policy that is customized to the specific individual. As a possible way to achieve such personalized
intervention, we consider incorporation of feedback inputs from patients in the middle of intervention into
the decision-making process. First, we obtain the initial strategy using the accumulated data from the cohort
of patients. Then, we employ the initial strategy to the patient and begin by observing any feedback. Lastly,
such feedback is used as new inputs to update the parameters of the decision-making model for the patient,
and this process occurs regularly and recursively. From a methodological perspective, many useful
techniques, such as data mining approaches, used in this research, can be used to initialize the strategy. The
decision-making model uses the outcomes from the information analysis to adjust the parameters of the
model. Feedback information then will update the model as the policy goes on; a Bayesian update might be
a possible technique for properly updating those parameters.
In healthcare, all information coming from patients is valuable and should be incorporated into
intervention strategies, but uncertainties may hinder the development of good intervention plans. In light
of this perspective, we believe that the present research can improve construction of a personalized care
implementation plan.
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