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ABSTRACT 

 

DeAngelo Jamond McKinley, BS 

 

LEVERAGING “SMALL DATA” THROUGH PREDICTIVE ANALYTICS TO 

SUPPORT CLINICAL DECISION-MAKING 

Under the direction of Ayman Akil, Ph.D. 

 

The United States pays twice as much for healthcare on average than any 

other nation on Earth, yet the quality of care is not guaranteed. Differences in 

clinical decision-making (CDM) have been identified as a leading contributor to the 

variability in the quality of healthcare throughout the United States. The healthcare 

industry has sought to employ predictive analytics to improve the quality of care. 

The major focus of these efforts has been centered on supporting resource 

management and streamlining operational tasks, however, there has been little 

effort to address the needs of clinicians in direct patient care. A better 

understanding of the mechanisms behind existing interventions and patient 

specific factors that lead to poor clinical outcomes are critical to improving quality 

in healthcare. 

Our central project aim is to demonstrate how and where small data 

predictive analytics can be used to support CDM. 
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In specific aim 1 we used univariate regression to evaluate the impact of a 

pharmacist-led intervention in African American patients with heart failure (HF). 

We found that the pharmacist-led intervention had a greater impact on HF-related 

readmission than non-HF related readmission. In specific aim 2 we used a linear 

model tree to identify patient specific factors predictive of 30-day readmission. We 

found numerous factors predictive of HF-related and non-HF related readmission 

with no clear distinction between the predictors of these two clinical outcomes. In 

specific aim 3 we assessed the relationships between medication adherence, 

lifestyle modifications, and long-term blood pressure control through univariate 

regression, and the Andersen-Gill model, a timeseries model for predicting the 

probability of recurrent uncontrolled hypertensive events. Results suggested that 

a combination of lifestyle modifications may have a comparable effect on long-term 

blood pressure control to medication adherence along. In this work we supported 

CDM by evaluating the effect of interventions on a population of intertest, 

identifying factors contributing to the risk of an untoward medical event, and 

codifying significant contributors to a clinical phenomenon. 

In future work we aim to deploy our HF risk prediction model in a clinical 

setting and assess the effectiveness of model directed interventions on 30-day HF-

related readmission. 
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CHAPTER 1: 

INTRODUCTION 

Clinical Decision-making 

Clinical decision-making (CDM) is defined as the process of gathering, 

interpreting, and evaluating data in order to make an evidence-based choice 

between alternatives (Thompson & Dowding, 2001; Tiffen et al., 2014). It is a 

complex process that requires the clinician to be knowledgeable, experienced, 

possess apt cognitive skills, and be conscious of both intended and potentially 

unintended consequences of each decision. CDM is practiced in some form by all 

clinicians, and the appropriate application of which has a direct and significant 

effect on the quality of patient care. Historically, traditional approaches to CDM 

have been divided into two distinct systems for the appraisal of actions and 

consequences in clinical practice: (1) systematic-positivist models (often termed 

analytical models), and (2) the intuitive-humanist model. 

Within the category of systematic-positivist models two major approaches 

to CDM dominate: (1) information processing theory, and (2) clinical decision 

analysis. Information processing theory describes a process for clinical decision-

making that consists of four interdependent steps. The central assumption behind 

the model is that each step in the process is influenced by a prior or subsequent 

step in the process (Banning, 2008; Thompson, 1999). 
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The initial step in this model of clinical decision-making begins with data 

gathering. During this step the clinician will gather pertinent information about the 

patient either during or prior to the patient encounter. The next step in the process 

involves the formulation of a tentative hypothesis based upon the knowledge 

acquired during the information gathering step. The third step in the process is the 

interpretation of information gathered previously with the aim of classifying the data 

as confirmatory, refutative, or unrelated to the initial hypothesis. The interpretation 

step may also drive the need to gather additional information. The final step in the 

information processing modeling of clinical decision-making is the appraisal of 

each decision alternative with respect to the gathered information (Tiffen et al., 

2014). A major limitation of the information processing approach to CDM is 

oversimplification (J. Lee et al., 2006). Information processing theory is often 

criticized for oversimplifying the clinical decision-making process, failing to capture 

all of the relevant variables necessary for critiquing the initial hypothesis. Another 

limitation of the model of CDM is linearity. Information processing theory may not 

reflect the inherent dynamism of real-world clinical practice as information may 

change rapidly in healthcare (Tiffen et al., 2014). 

 A second analytical approach to CDM is clinical decision analysis. Clinical 

decision analysis is a quantitative approach to CDM that assumes rational thought 

precedes decision-making (Donahue, 1996; Raïffa, 1968). Clinical decision 

analysis proceeds through a stepwise process that begins with formulating the 

clinical problem using a decision tree structure. A decision tree is a tool for 

decision-making where each successive branch represents potential outcomes of 
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an action or event. Figure 1 is an example decision tree that describes a potential 

decision a clinician may make in the treatment of a patient with hypertension. In 

this example, a clinician must decide between suggesting lifestyle modifications 

and prescribing an angiotensin converting enzyme inhibitors (ACEi) for a patient 

with high blood pressure. The choice between alternative decisions is represented 

by a decision node (square symbol). If the clinician suggests lifestyle modifications, 

there is a chance that the patient may or may not achieve their goal blood pressure. 

Chance is represented by the chance node (circle symbol) in the decision tree. 

Furthermore, there is a chance the patient may experience an acute 

cardiovascular (CV) event such as a stroke or myocardial infarction. There are four 

possible health outcomes in which the clinician decides to suggest lifestyle 

modification, either the patient achieves goal blood pressure and does not 

experience a CV event, the patient does achieve goal blood pressure and still 

experiences a CV event, and so forth. Likewise, there are four possible health 

outcomes in which the clinician decides to prescribe an ACEi. Health outcomes 

are represented by the triangle symbol in the decision tree. The patient may or 

may not achieve their goal blood pressure and the patient may or may not 

experience an adverse drug reaction, i.e. angioedema. After the clinician decides 

on the structure of the tree (including all alternatives he/she wishes to consider) 

the clinician must assign probabilities to each chance node and utilities to each 

health outcome on the tree. Utility is a measure that describes the desirability of a 

particular health outcome, where zero utility represents death and a utility of one 

represents good health. The probabilities assigned to each chance node, and 
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utilities assigned to each health outcome node should ideally be obtained from the 

best available scientific evidence, such as a well-designed randomized controlled 

trial or meta-analysis. Given the probabilities and utilities assigned to the example 

decision tree, a clinician would base their decision to suggest lifestyle modifications 

or prescribe an ACEi by calculating the overall utility of each decision node. The 

total utility of the lifestyle modification branch can be calculated as follows: 

Utility𝐿𝑖𝑓𝑒𝑠𝑡𝑦𝑙𝑒 𝑀𝑜𝑑𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 =  0.62 × [(0.20 ×  0.06)  + (0.94 × 1.00)]  +  

0.38 × [(0.10 × 0.51)  +  (0.50 × 0.49)].    (1) 

Applying this example calculation to the example decision tree yields a total 

utility for the decision to suggest lifestyle modification of 0.70. Applying this same 

example to the ACEi branch yields a total utility of 0.85. Based on this information, 

a clinician applying clinical decision analysis should decide to prescribe an ACEi 

for the treatment of this hypothetical patient’s hypertension because the total utility 

of the ACEi choice is greater than the total utility of the lifestyle modification choice.  

A major drawback of clinical decision analysis is its linearity (Tiffen & 

Slimmer 2014). By definition, clinical decision analysis only considers the actions 

of clinicians and their corresponding consequences, ignoring important factors that 

may influence the decision-making process such as the experience or knowledge-

level of the decision-maker. A clinician that is new to practice may not be aware 

that African American patients are at higher risk for ACEi-induced angioedema 

than other ethnicities. This knowledge would have a significant impact on the total 

utility of the ACEi choice. Another limitation to clinical decision analysis is its 
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complexity. Clinical scenarios are rarely simple and often clinicians must weigh 

many variables when trying to decide the best course of action. Each variable 

complicates the structure of the decision tree and makes calculation of the total 

utility of each choice more difficult (van der Velde 2005, Bae 2014). 

 

FIGURE 1. An example decision tree for a treating a patient with hypertension. 
The square symbol represents a decision node, the circle symbol represents a 
chance node, and the triangle symbol represents a health outcome. 

 

The intuitive-humanist approach to clinical decision-making refers to the 

idea of decision-making based on clinician intuition. Intuition refers to the process 

of decision-making without a rationale (Benner et al., 1992; Woolley & 

Kostopoulou, 2013). There is much debate over the role of intuition in clinical 

decision-making. Proponents have argued that formal analytical thinking does not 
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take into account the innate variability of healthcare, whereas, intuitive decision-

making allows clinicians to efficiently generalize situations and make complex 

decisions based on implicit knowledge, and the application of simple rules (Benner 

et al., 1992; Chilcote, 2017). Additionally, intuition has been proven to be a 

beneficial approach to clinical decision-making in scenarios requiring rapid 

decisions. A 2014 study on triage nurses reported that nurses routinely used 

intuition to adjust the care of emergency department patients (Cork, 2014). The 

disadvantage of intuition-based decision-making is its reliance on clinician 

experience. As a clinician becomes more experienced, they observe patterns and 

relationships which can be recalled to make an informed choice between 

alternative decisions. However, decision-making based on experience is context 

specific, and experience is not always transferrable. A clinician who is highly 

experienced in a specific area of care may or may not perform at expert level in 

another care setting. 

Neither analytical nor intuitive-humanist models offer a unilateral solution 

for CDM in every scenario. Instead, clinicians often make use of both analytical, 

and intuitive-humanist models of CDM. In clinical practice, a clinician may 

transition between analytical and intuitive models based on the complexity of the 

task, familiarity with the task, and the time available for decision-making. For 

example, a clinician may choose to rely on intuition if the choice between two 

treatment strategies is overly complicated (i.e. the task requires extensive 

consideration of numerous clinical variables or non-clinical factors) or if the task is 

otherwise intractable to analytic approaches due to the inherent limitations of these 
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methods. Alternatively, a novice clinician may prefer to apply analytical methods 

to CDM as the clinician has not yet had the time to develop sufficient clinical 

knowledge within the field to support the application of intuitive methods of CDM 

(Hammond, 1988). Such variability in the approach to CDM among clinicians have 

been identified as a major contributor to the disparate patient outcomes between 

health systems (Harlan M. Krumholz et al., 2013). 

In recent years, the healthcare industry has come under increased scrutiny 

from regulatory agencies as the United States seeks to control costs and quality 

of patient care. In 2017, health care costs were $3.5 trillion or approximately 17.9% 

of U.S. GDP (Medicare et al., 2019). This represents a far larger proportion of 

health care spending to GDP than any other nation in the world (Global Health 

Expenditure Database, 2017). Furthermore, despite spending twice as much, for 

healthcare per capita than any other wealthy nation, quality of care is not 

guaranteed (“How does health spending in the U.S. compare to other countries?,” 

2018). Large variations in the quality of health care received by patients have been 

reported among and within health systems in the United States for several 

decades. Figure 2 illustrates the variability in the quality of care between states. 

While a certain degree of variability is expected in clinical practice due to patient-

specific circumstances and patient preferences, unwarranted clinical variation may 

lead to disparate health outcomes among patient. Unwarranted clinical variation is 

defined as variation that cannot be explained by the condition or preference of the 

patient (Harrison et al., 2019). A 2008 study investigating 19 indicators of quality 

care across four therapeutic areas (pneumonia, surgical infection prevention, 
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acute myocardial infarction (AMI) and heart failure) found that variability in the 

quality of care received by patients are substantial. The investigators of this study 

cite variations of as much as 24% among health systems for combined quality 

measures based on data from the Centers for Medicare and Medicaid Services 

(CMS). The variability in clinical outcome measures among health systems were 

even greater, with variability in the quality of care ranging between 54% - 95% (S. 

Hines & Joshi, 2008). A more recent study conducted by Rosenberg et al. in 2016 

examined geographic variation in health care outcomes throughout the United 

States. The investigator compared risk-adjusted outcomes at the state, hospital 

referral region, hospital service area, county and hospital level for 24 inpatient 

mortality, inpatient safety, and prevention outcomes. The authors reported that 

even after adjusting for differences in demographic, socioeconomic, comorbidities, 

and health system factors, significant variability in clinical outcomes were observed 

including a 2.1-fold, 10.2-fold, 3-fold difference in mortality, patient safety, and 

prevention outcomes between the top and bottom deciles respectively (Rosenberg 

et al., 2016). 
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FIGURE 2. Overall quality of healthcare, by state, 2014 – 2016. Data from 2016 
National Healthcare Quality and Disparities Report. 
 

Interventions to address this variability have been mainly centered on health 

systems with the aim of targeting certain process and performance metrics (e.g. 

the percentage of people receiving preventative services), however increasingly, 

scrutiny has begun to shift away from the organizational level, and towards 

individual clinicians with the goal of optimizing and improving the quality of 

decision-making by implementing evidence-based approaches to CDM (Gutacker 

et al., 2018). 

Evidence-based Medicine 

In answering the question: “what is the most likely outcome when a 

particular drug is given to a particular patient” two distinct approaches have been 

described. The “inside view”, an approach promoted in conventional CDM where 

clinical intuition and professional judgement are prioritized, answers this question 

by focusing on the specifics and uniqueness of each case. In contrast, the “outside 

view” attempts to solve this problem by identifying a reference group (i.e. a group 
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of similar cases) and extrapolates a prediction for the individual from outcomes of 

this group (Kent et al., 2018). This process is termed reference class forecasting 

and represents the basis for evidence-based medicine. 

Evidence-based medicine (EBM) has been defined as an approach to CDM 

that seeks to integrate clinical practice, with the best available scientific evidence 

obtained through clinical research (Masic et al., 2008). In a review article 

comparing EBM to traditional CDM, the authors remarked: “the key difference 

between EBM and traditional CDM is not that EBM considers evidence while the 

latter does not. Both take evidence into account; however, EBM demands better 

evidence than what has traditionally been used (Masic et al., 2008).” The central 

aim of EBM is to provide a strong scientific foundation for CDM to achieve 

consistency, efficacy, quality, and safety in clinical practice (Timmermans & 

Mauck, 2005). Key factor to achieving this goal, is EBM’s hierarchical system for 

evidence-based recommendations, figure 3. Under this system, EBM classifies 

clinical recommendations by the strength of evidence; valuing knowledge derived 

from robust clinical research strategies such as meta-analyses and multi-center 

randomized controlled trials (RCTs) over expert opinion (Bhargava & Bhargava, 

2007). 
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FIGURE 3. Hierarchy of evidence in evidence-based medicine. 
 

The process of decision-making in EBM begins with defining the problem 

from which a clinical question is formulated. The question must be well-defined, 

directly related to the problem, and answerable by perusing clinical literature. The 

second step in EBM-oriented CDM is identifying relevant information that will be 

useful in answering the clinical question. This evidence should be clinically 

relevant, comprehensive, easily accessible, and obtained from high-quality 

sources (ideally RCTs and meta-analysis). After gathering all the evidence 

deemed necessary for answering the clinical question, the clinician must conduct 

a critical evaluation of this body of evidence. The process of evidence evaluation 

involves thoroughly, and conscientiously reviewing the methods, analyses, and 

conclusions of each piece of literature. During the evaluation process, clinicians 

should question whether the methods are appropriate, and the results are 

believable. After evaluating the collected evidence, the next step is to determine 
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how best to apply this evidence to the local patient population. Pertinent questions 

to consider at this point are whether there are alternative interventions available 

locally, whether risks outweigh the benefits, and whether the participants of the 

studies collected as evidence are similar to the local population. The final step in 

EBM-oriented CDM is to evaluate whether the decision resulted in a positive 

outcome for the patient population, and to investigate if necessary, why certain 

subgroups of patients did not respond as expected to the intervention (Masic et 

al., 2008). 

EBM has found success in numerous areas of clinical practice. EBM has 

demonstrated utility in answering clinical questions which intuition or clinical 

observations alone may cause more harm than benefit. In one such example, EBM 

led to the discontinuation of the use of long-term hormone replacement therapy for 

the prevention of cardiovascular disease in post-menopausal women. The practice 

of prescribing long-term hormone replacement therapy was discontinued after 

evidence from meta-analyses and RCTs indicated that long-term hormone 

replacement therapy did not prevent cardiovascular events but was rather 

associated with an increase in cardiovascular events and cancer (Alkhenizan, 

2004). In other successful applications, EBM has been used to highlight and 

promote interventions that have demonstrated robust improvements in patient 

care, such as in the management of patients with chronic heart failure (HF). 

Evidence from RCTs revealed that the use of beta blockers and ACEi is associated 

with strong mortality benefits (H. M. Krumholz et al., 1998; SOLVD Investigators 

et al., 1991). There are a multitude of examples highlighting the merits of EBM and 
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EBM-oriented CDM, however, persistently-rising healthcare costs, and plateauing 

improvements in the quality of patient care attest to the fact that EBM has had a 

smaller impact on the overall quality of patient care than expected (Hay et al., 2008; 

“How does health spending in the U.S. compare to other countries?,” 

2018)Furthermore, the beneficial impact of EBM is not universal, and there 

remains many areas of clinical practice where EBM has not been proven to result 

in improved patient outcomes. 

The limitations of EBM are well-known. (1) Large RCTs, which form the 

basis for EBM’s system for clinical recommendations, are often not reflective of 

real-world populations due to either underrepresentation of certain subgroups 

(age, race, gender, comorbidities etc.) or bias in the trial design (Every-Palmer & 

Howick, 2014). In the absence of reliable information from RCTs to support CDM, 

clinicians are forced to rely on intuition which invariably leads to disparities in the 

quality of patient care. Additionally, RCTs and meta-analyses represent averaged 

global evidence collected from exogenous populations. Results from these studies 

may not always be relevant to local populations, leaving it up to clinicians to decide 

whether to apply current “best evidence” at the point-of-care (Hay et al., 2008). (2) 

The amount of information generated through clinical research is immense. It has 

been estimated that medical knowledge will double every 73 days by 2020, with 

current best evidence routinely being depreciated in favor of newer evidence from 

clinical research. In order to keep pace with this every-changing landscape of 

medical knowledge, it is generally recommended that clinicians read a least 19 

articles every day (Densen, 2011; Masic et al., 2008). Reviewing and critically 
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evaluating new literature represents a substantial time constraint for most 

clinicians, and in fact, insufficient time is one of the most cited barriers to practicing 

EBM-oriented CDM (Al-Almaie & Al-Baghli, 2003). (3) Translation of evidence from 

research to clinical practice is painstakingly slow. It is estimated that it takes 17 

years, on average, for new scientific discoveries to be implemented in day-to-day 

clinical practice (Green et al., 2009; Morris et al., 2011). Two of the most significant 

factors slowing the pace of knowledge translation is the time it takes to summarize 

research findings from multiple trials as actionable insights in clinical guidelines 

and the reluctance of clinicians to change their behavior based on exogenously 

derived evidence (Curtis et al., 2017; Munro & Savel, 2016). (4) Finally, one of the 

most poignant criticisms of EBM is its preferential support of objective evidence 

over experience and professional judgement. This perception has led to a growing 

resistance amongst clinicians who are often strongly encouraged not to deviate 

from recommendations in clinical practice guidelines (Hurwitz, 1999; Kenefick et 

al., 2008). The short comings of EBM have led to an ever-growing gap between 

EBM and clinical practice. This realization has prompted a significant revision to 

the definition of EBM. The modernized definition of EBM is “the conscientious and 

judicious use of current best evidence in conjunction with clinical expertise and 

patient values to guide health care decisions” (Every-Palmer & Howick, 2014). This 

new definition brings EBM more in line with clinical practice and the growing 

movement towards personalized medicine and patient-centered care. Along with 

this new definition, practitioners have sought to implement data analytics to 

compliment the new goals and scope of this system of CDM. 
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Predictive Analytics in Clinical Practice 

As recent advancements in health informatics and technology have made 

data more accessible, clinicians now have access to an enormous amount of 

information from patients’ electronic medical records (EMR), genomics platforms, 

real-time imaging, point-of-care devices, wearable computing, and other mobile 

health technologies. These data have the potential to provide valuable insight to 

support CDM. However, it has been proven difficult to leverage these data using 

conventional CDM approaches. Predictive analytics provides tools that can 

translate this complex data into information that can facilitate CDM. Predictive 

analytics is defined as the process of learning from data to derive insight to support 

decision-making, and make predictions about past, present or future events 

(Larose 2015). Predictive analytics is meant to compliment conventional methods 

of CDM, hence, both EBM and predictive analytics share a central aim; to support 

CDM through the efficient, and effective use of available data (Gandhi & Wang, 

2019). In healthcare, predictive analytics has largely been adopted as a means to 

mitigate some of the major flaws in conventional CDM and EBM. Figure 4 

highlights the differences between three systems for CDM in applying evidence to 

the care of an individual patient. In general, conventional CDM portrays a circular 

approach where clinical experience, patient specific factors, and external evidence 

reviewed by a clinician are utilized to determine the best treatment option, among 

alternatives. This process is circular because the experience gained from this 

process is used to grow clinical intuition and support CDM in future patients. The 

limitations of conventional CDM primarily arise from the fact that the process of 
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decision-making is not standardized, predictions from individual clinicians are 

vulnerable to cognitive biases, and clinical experience is a variable attribute. In 

contrast to conventional CDM, EBM is a relatively linear approach to CDM. Within 

the EBM system, evidence from RCTs are extrapolated to the particular 

circumstances of and induvial patient through reference class forecasting. The 

limitations of EBM-oriented CDM arise from the fact that RCTs are the predominate 

source of evidence for CDM, evidence from RCTs are expensive to obtain, and the 

reference class may not always be representative of individual patients. Predictive 

analytics attempts to address these significant limitations by expanding the training 

dataset beyond the experience of an individual clinician, making better use of 

available evidence, standardizing the process of decision-making, utilizing patient 

specific factors to drive recommendations, and retaining the circular structure such 

that each patient encounter provides evidence to support future decision-making. 
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FIGURE 4. Comparison of evidence-based and predictive analytics approaches to 
clinical decision-making. A) Conventional CDM is a circular process where clinical 
experience and patient specific details drive CDM. Clinicians, however, may 
choose to diverge from this circular process based on professional judgement. B) 
EBM-oriented CDM is a predominantly linear approach to decision-making that is 
based on results from RCTs. EBM-oriented CDM requires clinicians to interpret 
results from these trials in order to determine how best to apply evidence from 
trials to individual patients. C) Predictive analytics is a data driven approach 
capable of leveraging information from a variety of sources to directly inform CDM 
and support the application of this evidence to individual patients. Predictive 
analytics is a circular process that can then make use of this information to support 
future decisions. 
 

Conventionally, five steps are recognized in the process of predictive 

analytics. The first step in the process of predictive analytics is to define the project 

objectives. This step includes defining clinical outcomes to be measured, clarifying 

the datasets to be used, and the clinical questions to be investigated. The second 

step in the process of predictive analytics is data collection and preprocessing. 
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This step involves the collection of various sources of information to support 

predictive analysis. One of the major benefits of predictive analytics is that the data 

need not only arise from RCTs. Data from observational studies, biomedical 

databases, point-of-care devices, and various other sources are routinely used to 

support predictive analytics. Furthermore, as role non-clinical factors have in 

shaping clinical outcomes becomes more apparent, data on socioeconomic and 

behavioral factors have been more frequently included in predictive analyses. It is 

imperative, however, that the data collected be relevant to the predefined project 

objective, easily accessible, and relatively error free. After data collection the raw 

data is inspected for errors, variables that may relate, describe, or influence the 

measured outcomes are identified, outliers and missing values are addressed, 

heterogeneous data from various sources are compiled and homogenized, and the 

data are transformed into a more structured format to facilitate analysis. The 

preprocessing step is critical as real-world data is often incomplete and noisy 

(Underwood 2016). The next step in predictive analytics is data analysis. In 

predictive analytics, data analysis refers to the process of transforming and 

investigating the data with the objective of discovering information relevant to the 

project objective. Data analysis typically begins with exploratory analysis and 

descriptive statistics. In exploratory analysis, data is analyzed without a clear 

hypothesis. The goal of exploratory analysis is to identify relationships, 

associations, and patterns within the data. Exploratory analysis approaches often 

utilize data mining methods such as cluster analysis, or graphical representations 

to identify patterns in the data. After initial data analysis is completed, inferential 
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methods such as analysis of variance (ANOVA), the Chi-squared test, T test, or 

regression models are utilized to validate dataset assumptions and hypothesis, 

numerically describe the population, and draw statistical inferences. The next step 

in predictive analytics is predictive modeling. Predictive models are tools that relate 

an individual patient’s characteristics (e.g. demographics, social/behavioral data, 

clinical data, etc.) to the probability of some future clinical event (e.g. disease 

development, readmission, mortality, etc.) (Hendriksen et al., 2013; Kuziemsky, 

2016). Traditionally, statistical approaches such as linear/logistic regression, K-

nearest neighbors, or semi-parametric survival models have dominated the 

majority of predictive modeling applications in healthcare. In general, statistical 

approaches seek to describe the data generation process, and formalize the 

relationships between the predictor variables and the observed outcome. 

Recently, machine learning approaches have been gaining traction in healthcare. 

Machine learning models are algorithms that are capable of learning patterns from 

the data without relying on a formal mathematical equation describing the 

relationships between these entities (Boulesteix & Schmid, 2014; Larose, 2015). 

In contrast to statistical methods, machine learning models such as decision trees, 

support vector machines, and artificial neural networks treat the data generation 

process as an unknown and instead focuses on accurately predicting the outcome 

variable from the predictor variables (Bzdok et al., 2018). Each approach has its 

own strength and weakness, and the choice between these two methods should 

be made only after careful consideration of the data, modeling assumptions, and 

project objectives. The final step in predictive analytics is model deployment and 
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monitoring. The aim of predictive analytics in healthcare is not just knowledge 

generation, but the discovery of actionable insights that can be used to modify the 

behavior of clinicians and influence the decision-making process. As seen with the 

adoption of clinical practice guidelines, knowledge alone does not always equate 

to a change in clinician behavior. Clinical decision-support (CDS) systems provide 

a platform to deploy insights from predictive analytics at the point of care which is 

key to reducing the 17-year gap between scientific discovery and the 

implementation of these insights in day-to-day practice. These systems are 

designed to support the process of CDM; hence these systems often make use of 

probabilities in the form of individualized risk estimates to guide clinical decisions. 

In general, the performance of predictive analytics models degrades over time as 

the patient population evolves and diverges from the characteristics of the initial 

population. Monitoring and periodic updates to deployed predictive models are 

critical to ensure continued performance over time (Amarasingham et al., 2014). 

Predictive analytics has begun to see rapid adoption within healthcare. 

However, while the use of predictive analytics has increased each year, the overall 

scope of predictive analytics has been localized to just a few application areas: 

healthcare administration, public/mental health, privacy and fraud detection, 

pharmacovigilance, and clinical decision support (Islam et al., 2018). While the 

greater proportion of these applications have focused on clinical decision support 

through the use of big data analytics, this area has also been met with the most 

challenges. The major obstacles to big data analytics in healthcare are data 

structure, access, quality, and generalizability. In contrast to other fields, 
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biomedical datasets are typically more unstructured than not, with much of the data 

existing as written documentation which is difficult to leverage on a large scale. 

Additionally, the quality and veracity of the data cannot be ensured when utilizing 

data from disparate sources. Data are also frequently missing or inaccessible due 

to privacy concerns, and system incompatibilities (C. H. Lee & Yoon, 2017). These 

challenges raise concerns about the generalizability of insights gained from such 

sources and highlights the poor suitability of big data analytics to supporting CDM 

at the patient level. Predictive analytics based on small data, however, offers a 

potential solution to this problem. 

In predictive analytics, small data refers to data collected in accordance with 

N-of-1 principles. Under these principles, the data are captured from a single study, 

clinic, hospital, or health system. The goals of small data predictive analytics are 

to improve patient-level description, prediction, and ultimately facilitate improved 

clinical outcomes (Hekler et al., 2019). The relatively small size of these datasets 

makes it easier to ensure data quality and consistency. Additionally, small datasets 

are more actionable. In small data predictive analytics, individual patients have a 

greater role in defining the outcomes of data analysis. As such, the insights gained 

through predictive analytics are applicable to a local population, and this 

information can be used directly to drive treatment selection and medical care 

among individuals within this population. The adoption of small data predictive 

analytics in clinical practice has transformed the way investigational efforts are 

integrated with clinical practice, paving the way for what has now been termed 

“point of care research.” Under this this new paradigm of clinical research, small 
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data predictive analytics approaches may be implemented within pragmatic point 

of care trials to compare the effects of different decisions in routine clinical practice. 

Such strategies have shown great potential to enhance the decision-making 

process by expanding the amount of information available to clinicians (Lauer & 

D’Agostino, 2013; Sacristán & Dilla, 2015; T-P et al., 2014). Hence, small data 

predictive analytics may provide a valuable platform for supporting CDM in 

healthcare. 

Specific Aims 

Recent advancements in health informatics and technology has generated 

considerable interest in applying predictive analytics on large semi-structured 

biomedical datasets, termed “big data,” to guide decision-making in healthcare. 

Big data models have been successful in supporting high-level activities such as 

designing hospital policies, and guiding public health interventions, however, small 

data models may be arguably more useful to clinicians seeking to make decisions 

on an individual patient’s course of therapy. This project will explore how small 

data can be leveraged through predictive analytics to support CDM. 

 

Specific Aim 1. Assess the efficacy of a pharmacist-led intervention in reducing 

heart failure related vs. non-heart failure related 30-day readmission in African 

American patients 

Heart failure is responsible for more 30-day readmissions than any other 

condition, and African Americans are at much greater risk for readmission than the 
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general population. Pharmacist engagement in heart failure management has 

been shown to improve medication adherence, decrease the length of hospital 

stays, and reduce patient mortality, but the impact of such interventions on 

readmission risk has been considerably less explored. In this aim we will assess 

the impact of a pharmacist-led intervention on reducing heart failure related vs non-

heart failure related readmissions in African American patients. We hypothesize 

that patients at high risk of readmission due to heart failure received greater benefit 

from the intervention than patients at risk for readmission due to reasons other 

than heart failure. This work will support CDM by providing greater insight into the 

mechanisms responsible for the observed effectiveness of the intervention. 

 

Specific Aim 2. Identify factors predictive of heart failure related vs non-heart failure 

related 30-day readmissions and assess the differential impact of these factors on 

readmission risk in African American patients who received a pharmacist-led 

intervention 

There is currently no consensus on what factors contribute most towards 

readmission in African-American patients with heart failure, however it is thought 

that the higher prevalence of cardiovascular risk factors such as hypertension, 

elevated lipid and blood glucose levels, and smoking may play a significant role in 

the increased readmission risk in this population. In this aim, we will investigate 

predictors of heart failure related and non-heart failure related readmission in 

African American patients who received a pharmacist-led intervention. 

Additionally, we aim to evaluate the impact of these predictors on readmission risk. 
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We hypothesize that predictors of heart failure related readmissions will be 

different than the predictors of non-heart failure related readmissions due to the 

distinct pathological and etiological factors contributing to these outcomes. This 

work will support CDM by providing greater insight into the factors driving 30-day 

readmission in African Americans with heart failure. 

 

Specific Aim 3. Evaluate the impact of a pharmacist-designed mobile health 

application on medication adherence over time, and assess the relationships 

between medication adherence, lifestyle modifications, and long-term blood 

pressure control in patients with hypertension 

Uncontrolled hypertension is a leading cause of morbidity and mortality in 

the U.S., and poor adherence to prescribed antihypertensive therapy and lifestyle 

modifications has been identified as a leading cause of failure achieve appropriate 

blood pressure control in this population. In this aim, we will conduct a systematic 

assessment of the relationships between medication adherence, lifestyle 

modifications, and long-term blood pressure control. We hypothesize that 

improvements in medication adherence and the implementation of lifestyle 

modifications will result in similar reductions in long term blood pressure. This work 

will support CDM by codifying significant contributors to long-term blood pressure 

control in patients with hypertension.
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CHAPTER 2:  

EFFECT OF A PHARMACIST-LED INTERVENTION ON HEART FAILURE 

RELATED VERSUS NON-HEART FAILURE RELATED 30-DAY 

READMISSIONS 

Background 

Heart failure (HF) affects about 5.7 million adults in the US, and as the 

population continues to age, this number is expected to grow to more than 8 million 

by 2030 (Benjamin et al., 2017; Heidenreich et al., 2013). The increasing 

prevalence of HF is alarming as the cost of care for HF patients is high, and this 

places a significant burden on the healthcare system. The total direct medical cost 

of HF is estimated to be $20.9 billion, and is expected to more than double by 2030 

(Heidenreich et al., 2013). A significant portion of these costs is attributable to 

frequent hospitalizations and readmissions. HF is the leading cause of 30-day 

readmission among Medicare beneficiaries, and the second most common cause 

of readmission for all payers combined (Strom et al., 2017). According to the 

Agency for Healthcare Research and Quality (AHRQ), nearly one in every four HF 

patients will be readmitted within 30 days contributing more than $2.7 billion to 

aggregate hospital costs annually (Fingar & Washington, 2006).
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Minorities, particularly African Americans or blacks, are disproportionately 

affected by HF. The Multi-Ethnic Study of Atherosclerosis (MESA) reported that 

blacks had a higher incidence of HF than other populations. The annual incidence 

of HF per 1000 person-years in this study was 4.6 for blacks compared with 3.5, 

2.4, and 1.0 for Hispanic, white, and Chinese Americans respectively (Bahrami et 

al., 2008). Not only is the incidence of HF higher for blacks, but incidences of HF 

also occur earlier in this population. Racial differences in the prevalence of HF 

were also investigated in the Coronary Artery Risk Development in Young Adults 

(CARDIA) study. It was reported that HF occurred 20 times more frequently in 

blacks than whites younger than 50 years of age (Bibbins-Domingo et al., 2009, 

p.). Additionally, blacks are at higher risk of readmission than whites. A 2011 study 

by Joynt et al. reported that blacks are up to 20% more likely to be readmitted to 

the hospital within 30 days after being treated for HF compared to white patients 

depending on the site of care (Joynt et al., 2011). Another study investigating the 

incidence of hospitalization due to acute decompensated HF (ADHF) reported that 

African-Americans had the highest annual rate of hospitalization due to ADHF 

events compared with all other populations (Chang et al., 2014). Moreover, blacks 

also tend to have poorer outcomes after hospitalization for HF. A Yale University 

study examining differences between HF outcomes in African Americans and 

whites  reported that African Americans have a 45% higher risk of either death or 

functional decline after hospitalization for HF compared to whites (Vaccarino et al., 

2002). A similar study conducted in 2008 based on the Atherosclerosis Risk in 

Communities Study (ARIC) patient cohort also reported that African Americans 
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had a statistically greater 5-year mortality rate compared with Caucasians (Loehr 

et al., 2008). It is thought that these differences in the presentation of HF in African 

Americans are due to the higher rates of modifiable risk factors such as 

hypertension, elevated lipid and blood glucose levels, and smoking may have a 

greater impact on HF risk in this population (Benjamin et al., 2017). 

Changes to the healthcare system under the Affordable Care Act have 

made reducing 30-day readmissions for HF a national priority. As such, the impact 

of pharmacist-led interventions has become a topic of considerable interest to 

hospitals and health systems seeking to reduce readmission rates among the HF 

population. In a 2006 study, Lopez-Cabezas et al. assessed the impact on a 

multifactorial educational intervention led by pharmacists in patient admitted for HF 

(Lopez Cabezas et al., 2006). The authors reported a significant reduction in 

hospital readmissions at 2 months and 6 months, and trend towards lower 

readmission rates at 12 months for patients enrolled in the intervention group. A 

study conducted in 2015 by Jackevicius et al. examined the impact of a pharmacist 

intervention as part of a multi-disciplinary team (Jackevicius et al., 2015). This 

study reported significantly lower all cause 90-day readmission rates for HF 

favoring the intervention group. These results suggest that a pharmacist-led 

intervention maybe effective in reducing readmission risk in patients with HF, 

however, the overall impact of these interventions specifically on the HF population 

is not well characterized. 

It has been reported that only about a third of patients re-hospitalized within 

30-days after discharge for HF are readmitted for the same condition (Dharmarajan 
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et al., 2013). Most studies seeking to evaluate the impact of a pharmacist-led 

intervention in this population have examined all-cause readmission rates. All-

cause readmission is potentially a poor metric for evaluating the impact of a 

pharmacist-led intervention in this population due to the divergent etiology of HF 

in African Americans and the greater frequency of readmissions for conditions 

other than HF. These two factors may be potentially masking the true impact of the 

intervention on this population. In this study we compared two different risk-

adjustment methods in investigating the efficacy of a pharmacist-led intervention 

in reducing heart failure related vs. non-heart failure related 30-day readmission in 

African American patients. 

Methods 

Study Design and Data Collection 

Data were collected from patients admitted to WellStar Atlanta Medical 

Center (WAMC), a major metropolitan academic hospital in Atlanta, Georgia, 

between May 2012 and December 2015 with a primary or secondary admission 

diagnosis of HF as defined by the following International Classification of Diseases 

(ICD) 9th/10th revision codes: 428 and/or I50. Complete details on the study design, 

intervention, and patient baseline demographics were outlined in our previous 

publication (Moye et al., 2018). Briefly, patients were divided into two groups: a 

historical control group (n = 126) and an intervention group (n = 193). Both groups 

received standard of care for HF and prescribed medications according to the most 

recent ACC/AHA clinical practice guidelines (Yancy et al. 2013). Standard of care 

at WAMC meant that all HF patients received a scale, an invitation to attend a 



29 

 

 

cardiovascular educational class, a 72-hour post discharge call by a nurse, and an 

attempt to schedule a follow-up appointment with a physician. The standard of care 

protocol does not include a pharmacist. In addition to the standard of care, the 

intervention group received medication reconciliation, medication cost/formulary 

review, discharge medication counseling, self-monitoring resources (a packet of 

printed material included fluid/sodium intake log, daily symptom log, daily weight 

log, a list of patients’ current medications, and healthcare providers contact 

information), and 14/30-day post-discharge telephone follow-up by pharmacy staff. 

Patients who received the intervention provided written consent, and both the 

patient and the healthcare institution retained a copy of the signature page for their 

records. This protocol was approved by both WAMC and Mercer University 

institutional review boards (Protocol: H1105099). 

Demographic, social, and clinical data were retrieved from the patients’ 

EMR, EPIC (EPIC Systems Corporation, Verona, WI) and analyzed for inclusion 

in the predictive model. The collected data contained a total of 39 attributes. In 

preparing the dataset for modeling, several characteristics were manually removed 

from the dataset due to correlation to other attributes, or lack of adequate 

distribution of attribute values among the study population. The final dataset 

contained a total of 29 characteristics common to both the control and intervention 

groups. 

The two outcomes of interest in this study were HF-related readmission 

within 30 days which was defined as a return hospitalization to an acute care 

hospital with a primary admission diagnosis of ADHF following a prior discharge 
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from the same or another acute care facility within a period of 30-days, and non 

HF-related readmission which was defined as a return hospitalization to an acute 

care hospital for any reason other than ADHF following a prior discharge from the 

same or another acute care facility within a period of 30-days. Readmission status 

for the historical control group was determined from the medical records whereas 

the readmission status for the intervention group was determined using the 

patient’s EMR or as reported by the patient during the 30-day telephone follow-up. 

Experimental Approach: 

Statistical comparison of baseline demographics between groups was 

conducted to assess the distribution of covariates. Categorical covariates were 

summarized by frequency, and statistical comparison between groups was 

accomplished using χ2 tests or Exact test where necessary. Continuous covariates 

were summarized by mean and standard deviation (SD) or median and 

interquartile range based on normality tests. Statistical comparison of continuous 

covariates between groups was conducted using the student’s T test or Mann-

Whitney U test where necessary. Statistical significance was defined as p < 0.05 

for all analyses. Missing data were imputed by multiple imputation by chained 

equations (MICE). The multiple imputation methodology and statistical analysis 

were conducted using the StatsModels (version 0.9.0) package. 
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FIGURE 5. Assumptions of each statistical analysis plan. 
 

Analysis of the impact of the intervention in patients at risk for heart failure 

related vs non-heart failure related readmission was conducted under three sets 

of assumptions (Figure 5). In the naïve analysis, the risk of HF-related and 

unrelated 30-day readmission is assumed to be equal between the control and 

intervention groups. In this analysis, a comparative risk analysis was conducted 

through conventional hypothesis testing and univariate logistic regression. 

To test the validity of the naïve analysis further analysis was conducted 

using the Analysis of symmetrically predicted endogenous subgroups (ASPES) 

method under two different sets of assumptions (Harvill et al., 2013; Peck, 2015). 

This analysis proceeded by 3 steps. In step 1, subjects belonging to the subgroup 

of patients likely to be readmitted due to heart failure were identified. This was 

accomplished by fitting a probabilistic model to the data to predict probability of 

membership in this subgroup based on baseline patient characteristics. Patients 

• Equivalent risk of readmission between the control and 
intervention group

Naive Analysis

• Homogeneity

• Risk of readmission is mutually exclusive

ASPES: Exclusive Risk Analysis

• Homogeneity

• Risk of readmission is not mutually exclusive

ASPES: Non Exclusive Risk Analysis
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with a probability score greater than 0.5 were included as members of the 

subgroup of patients likely to be readmitted due to HF, and patients with a 

probability score of less than 0.5 were included as members of the comparison 

group which are assumed to be at risk for readmission due to all other conditions 

excluding heart failure. In step 2, statistical impact analysis was carried out to 

evaluate the effect size of the intervention through univariate regression and 

adjusting for the difference in readmission risk between the control and intervention 

groups. In this step, patients in the control and intervention group were matched 

based on their risk of readmission. After matching, the average effect of the 

intervention was estimated by calculating the average difference in readmission 

status between the control and intervention groups. In step 3, estimates from the 

impact analysis were adjusted based on the proportion of patients predicted to 

belong to each subgroup, and the proportion of patients observed to actually 

belong to each subgroup. The adjusted effect size estimates were assessed to 

compare the impact of the intervention between patients likely to be readmitted for 

heart failure and patients likely to be readmitted for other reasons. The impact of 

the intervention were adjusted based on the calculations below: 

𝐻 =
(𝑤𝐿)(𝐼𝐻)−(1−𝑤𝐻)(𝐼𝐿)

𝑤𝐻+ 𝑤𝐿−1
    (1). 

𝐿 =
(𝑤𝐻)(𝐼𝐿)−(1−𝑤𝐿)(𝐼𝐻)

𝑤𝐻+ 𝑤𝐿−1
    (2). 

 

 Here, H and L represent the adjusted impact on the subgroup (i.e. patients 

estimated to be at risk for non-HF related readmission and those estimated to be 
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at risk for HF-related readmission). WH and WL represent the proportion of 

subgroup predicted subgroup H and L members who are actually in subgroup H 

and L respectively. IH and IL are the unadjusted impact estimates for subgroup H 

and L respectively. This adjustment is necessary to correct for bias in the 

regression model. 

Three probabilistic models were screened for readmission risk estimation 

namely: penalized logistic regression, support vector classification, and random 

forest classification. These models were developed using the machine learning 

tools available in Scikit-learn version 0.19.1 (Pedregosa et al., 2011). All models 

were trained under 10-fold cross-validation. Model accuracy on the test set is one 

of the most-frequently cited point measures of classifier performance; however, 

classifier accuracy may provide a biased assessment of classifier performance for 

datasets with imbalances in the number of patients in each outcome category. 

Under these circumstances a more informative measure of the performance of a 

binary classifier should be chosen. In this study model performance was judged 

based on per-class precision, recall, and F1 score. F1-score is robust to the 

imbalances in patient outcomes. The F1-score is a composite metric calculated as 

the harmonic mean of precision and recall. The F1-score ranges from zero to one 

with values closer to one indicating better performance. The best performing model 

was selected to estimate the probability of subgroup membership for each patient. 

Images in this document are presented in color. 
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Results 

Table 1 presents the distribution of selected baseline attributes among 

patients in the intervention and control groups. The average age, median length of 

stay of patients in the control group and intervention group were both similar, 60.9 

years vs. 60.8 years and 4 days vs. 5 days respectively. Several attributes were 

determined to have a statistically significant difference in baseline distribution 

between groups. Subjects in the intervention group were more likely to have 

anemia, arrhythmia, dyslipidemia/coronary artery disease (CAD), and renal 

disease. Additionally, subjects in the intervention group were also more likely to be 

on aldosterone antagonists, direct oral anticoagulants (DOAC), calcium channel 

blockers, and a lipid-lowering agent than subjects in the control group. Subjects in 

the control group were significantly more likely to have a primary admission 

diagnosis of HF than subjects in the intervention group. 

Table 1. Selected demographics 

Demographics 
Control 

N = 126 

Intervention 

N = 193 
P value 

ACEi, n (%) 73 (57.9) 96 (49.7) 0.187 

Age, mean (SD) 60.9 (14.5) 60.8 (13.7) 0.926 

Aldosterone Antagonist, n (% Female) 17 (13.5) 44 (22.8) 0.055 

Anemia, n (%) 14 (11.1) 68 (35.2) <0.001 

ARB, n (%) 10 (7.9) 20 (10.4) 0.596 

Arrhythmia, n (%) 8 (6.3) 60 (31.1) <0.001 

Aspirin, n (%) 76 (60.3) 120 (62.2) 0.829 

BMI, median [Q1,Q3] 34.1 [28.0,44.2] 31.9 [25.2,40.9] 0.013 

Beta Blocker, n (%) 105 (83.3) 168 (87.0) 0.447 

Calcium Channel Blocker, n (%) 24 (19.0) 68 (35.2) 0.003 

Depression, n (%) 11 (8.7) 19 (9.8) 0.891 

Diabetes, n (%) 66 (52.4) 99 (51.3) 0.94 
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Demographics 
Control 

N = 126 

Intervention 

N = 193 
P value 

Digoxin, n (%) 15 (11.9) 17 (8.8) 0.478 

Diuretics, n (%) 90 (71.4) 144 (74.6) 0.618 

Dyslipidemia/CAD, n (%) 28 (22.2) 105 (54.4) <0.001 

Gender, n (% Female) 74 (58.7) 115 (59.6) 0.972 

Heart Attack, n (%) 8 (6.3) 29 (15.0) 0.029 

HF Primary Admission Diagnosis, n (%) 116 (92.1) 79 (40.9) <0.001 

Hypertension, n (%) 101 (80.2) 179 (92.7) 0.001 

Length of Stay, median [Q1,Q3] 4.0 [3.0,6.0] 5.0 [3.0,9.0] 0.01 

Lipid Lowering Agents, n (%) 50 (39.7) 127 (65.8) <0.001 

Nitrates, n (%) 38 (30.2) 66 (34.2) 0.529 

Obesity, n (%) 46 (36.5) 54 (28.0) 0.138 

Other Anticoagulants, n (%) 9 (7.1) 48 (24.9) <0.001 

Other Cardiovascular Medications, n (%) 64 (50.8) 84 (43.5) 0.247 

Pacemaker/ICD, n (%) 18 (14.3) 39 (20.2) 0.23 

Readmission Related to HF, n (%) 23 (18.3) 12 (6.2) 0.001 

Readmission within 30 Days, n (%) 44 (34.9) 48 (24.9) 0.07 

Renal Disease, n (%) 42 (33.3) 90 (46.6) 0.025 

Thyroid, n (%) 9 (7.1) 16 (8.3) 0.873 

Warfarin, n (%) 18 (14.3) 32 (16.6) 0.694 

Alcohol, n (%)   0.127 

No 99 (78.6) 146 (75.6)  

Yes 23 (18.3) 44 (22.8)  

Not Disclosed 4 (3.2) 3 (1.6)  

Ejection Fraction Less Than 40%, n (%)   0.008 

No 33 (26.2) 76 (39.4)  

Yes 66 (52.4) 68 (35.2)  

Unknown 27 (21.4) 49 (25.4)  

Smoker, n (%)    

No 100 (79.4) 124 (64.2) <0.001 

Yes 22 (17.5) 67 (34.7)  

Not Disclosed 4 (3.2) 2 (1.0)  

Distribution of baseline characteristics among subjects in the control and intervention group. Significance declared for P < 

0.05. Other cardiovascular medications include hydralazine, amiodarone/other antiarrhythmics, alpha-1 antagonists, and 

clonidine. ACEi, angiotensin II converting enzyme inhibitor; ARB, angiotensin II receptor blocker; BMI, body mass index; 

CAD, coronary artery disease; ICD, implantable cardioverter-defibrillator; HF, heart failure. 



36 

 

 

 

Naïve Analysis 

During the study period, a total of 92 subjects were readmitted within 30 

days of discharge representing an overall readmission rate of 28.8% for this patient 

cohort. Among all readmissions, 38.0% of subjects were readmitted for HF. A 

comparison of readmission rates between the control and intervention group 

identifies a significant reduction in all-cause 30-day readmission favoring the 

intervention group. Of the 92 total readmissions, 44 were in the control group and 

48 were in the intervention group representing a readmission rate of 34.9% and 

24.9% control vs. intervention respectively (P = 0.003). 

Figure 6 shows the comparative readmission rates for HF-related and non-

HF related readmissions under the assumptions of the naïve analysis. Average 

30-day readmission rates for non-heart failure related readmissions were similar 

between groups (20.3% vs 19.9%; P = 0.92) control vs intervention respectively. 

30-day readmissions related to heart failure were significantly lower for the 

intervention group as compared to the control group (21.9% vs 7.6%; P < 0.001). 

In the univariate regression analysis, the intervention was found to be associated 

with a 14% lower risk of HF related readmission (ARR: -0.14 CI: [-0.05, -0.23]; P = 

0.001) and a 0.50% lower risk of non HF related readmission (AAR: 0.005 CI: [-

0.09, 0.1]; P = 0.92) compared to the control group. Figure 7 shows the implicit 

heterogeneity in the impact of the intervention by the number of risk factors a 

patient has for HF. HF risk factors were defined based on the most recent clinical 

guidelines and included comorbidities such as CAD, hypertension, diabetes, 
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obesity and myocardial infarction. It was observed that the overall impact of the 

intervention decreased as the patient gains additional risk factors for heart failure 

as evident by the odds ratios. 

 

FIGURE 6. Comparative readmission rates for heart failure related vs. heart failure 
unrelated 30-day readmission. 

 

FIGURE 7. Treatment Effect Heterogeneity conditioned on the number of heart 
failure risk factors. 
 

ASPES Analysis: Mutually Exclusive Risk 

 To test the validity of the of the naïve analysis and the sensitivity of the 

impact analysis under different sets of assumptions, we conducted two ASPES 

analysis. In the first ASPES analysis, patients were assumed to be at risk for HF 

P < 0.001 
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related or non-HF related readmission, but patients could not be at risk for both 

events simultaneously. Three probabilistic machine learning models were trained 

and validated for the task of readmission risk estimation. Hyperparameters for 

each model were tuned through a 10-fold cross validated grid search over the 

parameter space. The performance of each model in terms of per-class precision, 

recall and macro averaged F1-score are shown in table 2. The random forest 

classifier performed the best, achieving a macro-averaged F1-score of 0.76. Figure 

8 shows the distribution of estimated readmission risk based on predictions from 

each of the three classifiers tested. The estimated readmission risk metric 

represents the probability of both HF-related and non-HF-related readmission. The 

metric ranges from zero to one.  

 Under the assumptions of the mutually exclusive ASPES analysis the 

estimated readmission risk metric was interpreted as follows: values closer to one 

represent increased risk of readmission related to HF and values closer to zero 

represent increased risk of readmission not related to HF. Values closer to 0.5 

represent low risk of readmission for either cause. Neither the penalized logistic 

regression or support vector machine classifier were able to meaningfully 

discriminate between patients who were readmitted for HF and patients who were 

readmitted for reasons other than HF. Among patients who were not readmitted 

for any cause, both classifiers predicted that these patients had a marginally 

skewed risk towards non-HF related readmission based on their baseline 

characteristics. However, the random forest classifier was able to more accurately 

discriminate between these two readmission subgroups. Thus, the random forest 
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classifier was identified as the best performing model on the basis its higher F1 

score, and its ability to discriminate between patients likely to be readmitted due 

to HF-related and non-HF-related reasons. Among patients who were not 

readmitted for any cause, the random forest classifier predicted a gaussian-like 

distribution of estimated readmission risks. Mean estimated readmission risk 

among this population was 0.43 (SD=0.17) with approximately 68% of the 

population having an estimated readmission risk between 0.26 and 0.60. The 

mean risk of readmission, as estimated by the random forest classifier, was 0.20 

(SD=0.11) and 0.77 (SD=0.08) for patients who were readmitted for reasons other 

than HF and patients who were readmitted for HF respectively. Mean readmission 

risk conditioned on treatment status was 0.52 (SD=0.36) and 0.36 (SD=0.18) for 

the control and intervention groups respectively. 
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Figure 8. Distribution of estimated readmission risk. Panels A, B, and C show the 
distribution estimated risk of readmission among patients who were not readmitted 
for any cause for the penalized logistic regression, random forest, and support 
vector machine classifiers respectively. Panels D, E, and F show the distribution 
of estimated readmission risk among patients who were readmitted for reasons 
related and unrelated to HF for the penalized logistic regression, random forest, 
and support vector machine classifiers respectively. 
 

 

 

 

A. 

B. 

C. 

D. 

E. 

F. 
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Table 2. Comparison of model performance in risk score estimation. 

 Penalized Logistic Regression Random Forest Support Vector Machine 

Class Neg Pos Neg Pos Neg Pos 

Precision 0.72 0.66 0.77 0.76 0.73 0.69 

Recall 0.60 0.77 0.75 0.77 0.67 0.75 

F1-Score 0.68 0.76 0.71 

Model performance on the negative class (Neg) represents model performance in predicting whether the patient will be 

readmitted for non-HF related reasons and the positive class (Pos) represents model performance in predicting whether the 

patient will be readmitted for HF-related reasons. 

 

Table 3. Comparison of the impact of the intervention on the predicted subgroups 

under the mutually exclusive risk assumption. 

 
Estimate  

[95% CI] 

Adjusted Estimate 

[95% CI] 
P value 

Non-HF Related 
-0.14 

[-0.33, -0.06] 

-0.03 

[-0.59, -0.12] 
0.03 

HF-Related 
-0.04 

[-0.23, 0.15] 

-0.20 

[-0.47, 0.07] 
0.24 

Adjusted estimate reflects the estimated impact of the intervention after adjusting for the proportion of correctly identified to 

belong to each subgroup. 

  

 Table 3 compares the causal estimates of impact of the pharmacist-led 

intervention between the two predicted subgroups, and under the assumption of 

mutually exclusive risk. These estimates reflect the absolute risk difference 

between the control and intervention groups. Therefore, a negative estimate 

represents decreased risk of readmission among patients who received the 

intervention compared to the control group. Likewise, a postive value represents 

increased risk of readmission among intervention patients. Patients who were 

predicted to be in the “at increased risk of non-HF related readmission” subgroup 

had a significantly lower risk of readmission for the intervention group as compared 
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to the control group. Patient who were predicted to be in the “at increased risk for 

HF-related readmission” subgroup demonstrated a trend towards decreased 

readmission risk favoring the intervention group, albiet non-significant. 

Comparison of unadjusted risk estimates between the two subgroups suggest that 

patients who were at high risk for non-HF-related readmission received greater 

benefit from the pharmacist-led intervention. However, after adjusting for the 

proportion of patients correctly identified to belong to each subgroup it was 

observed that, while both subgroups continued to show decreases in readmission 

risk favoring the intervention group, the impact of the intervention was larger for 

the subgroup of patients predicted to be at increased risk for HF-related 

readmission. 

ASPES Analysis: Non-Mutually Exclusive Risk 

 In the second ASPES analysis, it was assumed that patient could be at risk 

for HF related readmission, non-HF related readmission, both events 

simultaneously, or not at risk for either event. Based on its performance in the 

mutually exclusive risk analysis, the random forest classifier was used to develop 

the predictive model for this analysis. The random forest classifier was trained 

using a strategy known as one-vs-all. In this strategy, two random forest classifiers 

were trained, one classifier was trained to predict the probability of HF-related 

readmission vs all other readmission statues (i.e. readmissions not related to HF 

and non-readmissions), and another classifier was trained to predict the probability 

of non-HF-related readmissions vs all other readmission statuses. The 

performance of the combined random forest classifier is shown in table 4. Results 
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showed that overall the classifier performed well. However, the combined classifier 

had a markedly lower precision in predicting patients at risk of non-HF-related 

readmission than predicting patients at risk of HF-related readmissions. 

 

Figure 9. Joint distribution of estimated readmission risk in the total population. 
The top histogram illustrates the marginal distribution of risk scores for HF-related 
readmission, and the histogram on the right illustrates the marginal distribution of 
risk scores for non-HF-related readmission as estimated by the random forest 
classifier. The density plot in the middle illustrates the joint distribution of estimated 
readmission risk. 
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Table 4. Performance of the combined one-vs-all random forest model 

 Random Forest 

Class Neg Pos 

Precision 0.84 0.95 

Recall 1.00 0.99 

F1-Score 0.94 

Model performance on the negative class (Neg) represents model performance in predicting whether the patient will be 

readmitted for non-HF related reasons and the positive class (Pos) represents model performance in predicting whether the 

patient will be readmitted for HF-related reasons. 

 
Figure 9 shows the joint distribution of estimated readmission risk based on 

predictions from the random forest classifier. Under the assumption of non-

mutually exclusive risk, patient may be at risk for HF-related redmission, non-HF-

related readmission, both events simultaneously, or neither event. The one-vs-all 

random forest classifier allowed us to examine the risk of HF-related and non-HF-

related readmission independently by generating two risk scores, one for each 

readmission subgroup. The estimated risk metrics range from zero to one and 

under the assumptions of the non-mutually exclusive ASPES analysis the 

estimated readmission risk metric was interpreted as follows: values closer to one 

represents increased risk of readmission and values closer to zero represent 

decreased readmission risk. Among the total population, the distribution of patients 

at risk for HF-related readmission was right skewed, while the distribution of 

patients at risk for non-HF-related readmission was left skewed. The median risk 

of HF-related and non-HF-related readmission was 0.24 (IQR=0.22) and 0.31 

(IQR=0.12) respectively. The joint distribution plot of the two risk scores illustrates 

two to three distinct subgroups within the total population, the largest being a group 

defined by a moderate risk of HF-related readmission and a low to moderate risk 
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of non-HF-related readmission. A smaller group is defined by a low risk of non-HF-

related readmission and a high risk of HF-related readmission. The smallest group 

represents patients at low risk for HF-related readmission and high risk for non-

HF-related readmssion. 

 

Figure 10. Distribution of estimated readmission risk. Panels A and C show the 
distribution of estimated risk of non-HF-related and HF-related readmission, 
respectively, among patients who were not readmitted for any cause. Panels B, 
and D show the distribution of estimated readmission risk among patients who 
were readmitted for reasons unrelated and related to HF respectively. 

 

Among those patients who were not readmitted for any cause, the one-vs-

all random forest classifier predicted a Gaussian-like distribution for both risk 

metrics. The mean estimated risk of non-HF-related readmission among this 

population was 0.30 (SD=0.06) with approximately 68% of the population having 

an estimated readmission risk between 0.24 and 0.36. The mean estimated risk of 

HF-related readmission among this population was 0.25 (SD=0.13) with 

approximately 68% of the population having an estimated readmission risk 

A. 

C. 

B. 

D. 
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between 0.12 and 0.38. The mean risk of readmission, as estimated by the one-

vs-all random forest classifier trained on non-HF-related readmission data, was 

0.72 (SD=0.09) and 0.24 (SD=0.07) for patients who were readmitted for reasons 

other than HF and patients who were readmitted for HF respectively. The mean 

risk of readmission, as estimated by the one-vs-all random forest classifier trained 

on HF-related readmission data, was 0.21 (SD=0.11) and 0.62 (SD=0.12) for 

patients who were readmitted for reasons other than HF and patients who were 

readmitted for HF respectively. The mean non-HF-related readmission risk 

conditioned on treatment status was 0.34 (SD=0.18) and 0.39 (SD=0.18) for the 

control and intervention groups respectively. The mean HF-related readmission 

risk conditioned on treatment status was 0.36 (SD=0.18) and 0.22 (SD=0.14) for 

the control and intervention groups respectively. Comparatively, the random forest 

model trained to discriminate between patients at risk for non-HF-related 

readmission and all other readmission statuses was able to more accurately 

separate the non-HF-related subgroup than the random forest model trained to 

predict subset of patients at increased risk of HF-related readmission. 
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Table 5. Comparison of the estimated impact of the intervention on the predicted 

subgroups under the non-mutually exclusive risk assumption. 

 
Estimate  

[95% CI] 

Adjusted Estimate 

[95% CI] 
P value 

Non-HF Related 
-0.06 

[-0.22, 0.10] 

-0.03 

[-0.21, 0.15] 
0.42 

HF-Related 
-0.10 

[-0.36,0.30] 

-0.32 

[-0.65, 0.01] 
0.62 

Adjusted estimate reflects the estimated impact of the intervention after adjusting for the proportion of correctly identified to 

belong to each subgroup. 

  

 Table 5 compares the causal estimates of impact of the pharmacist-led 

intervention between the two predicted subgroups and under the assumption of 

non-mutually exclusive risk. Both readmission subgroups demonstrated a trend 

towards decreased readmission risk favoring the intervention group, although 

neither reached statistical significance. Comparison of unadjusted risk estimates 

between the two subgroups suggest that patients who were at high risk for HF-

related reamission based on baseline patient characteristics received greater 

benefit from the pharmacist-led intervention. This trend presisted after adjusting 

for the proportion of patient correctly identified to belong to each subgroup. 

Discussion 

 One of the most significant challenges for RCTs is the question of 

generalizability. It has been acknowledged that many patient populations typically 

seen in routine clinical care, such as the elderly or patients with multiple comorbid 

conditions, are often excluded from RCTs through the application of strict inclusion 

and exclusion criteria. This creates uncertainty in the applicability of this evidence 
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to “real-world” populations. Recently, there has been a push to expand the 

inclusion criteria of RCTs to bring them in closer alignment with the type of 

populations seen in clinical practice, however, increasing the diversity of patient 

populations in RCTs has the drawback of also increasing the heterogeneity in the 

treatment-effect. Treatment-effect heterogeneity has been defined as nonrandom 

variability in the direction or magnitude of a treatment effect (Varadhan & Seeger, 

2013). Substantial variability in treatment-effect can make results from clinical 

studies misleading. The primary outcome in many clinical studies is often the 

average treatment effect (ATE). The ATE represents the average impact of the 

intervention on the study population, however, under circumstances where there 

is substantial treatment-effect heterogeneity, this metric may represent substantial 

benefit for some patients, and negligible or even harm for other patients. 

 There have been several studies which have found the overall impact of 

their intervention to be skewed due to significant treatment-effect heterogeneity. A 

2003 study by Kent et al. investigating the effect of recombinant tissue-type 

plasminogen activator (rtPA) for ischemic stroke reported that a specific subgroup 

of patients, identified as low-risk for intracranial hemorrhage by baseline patient 

characteristics, may receive substantial benefits from rtPA therapy more 3 hours 

after symptom onset despite no benefit being reported for this indication in the 

overall trial population (Kent David M. et al., 2003). In another example of 

treatment-effect heterogeneity, investigators assessing the effectiveness of carotid 

endarterectomy for symptomatic stenosis found that the benefit of this procedure 

is reduced in patients taking only low-dose aspirin (Rothwell, 2005; Taylor et al., 
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1999). Additionally, we have reported on the observation of treatment-effect 

heterogeneity among a population of African American patients with HF. Herein, it 

was speculated that specific baseline patient characteristics and readmission 

etiology may be contributing factors leading to variability in the impact of the 

pharmacist-led intervention (McKinley et al., 2018). 

 There is currently no consensus on how best to deal with treatment-effect 

heterogeneity in clinical studies, however, many investigators have begun to 

support theoretical risk estimation as a potential solution to this problem (Burke et 

al., 2014; Gabler et al., 2009; Kent et al., 2008, 2016). In risk-based approaches 

to investigating treatment-effect heterogeneity it is assumed that the patient’s 

baseline risk of experiencing the primary study outcome is a critical determinant of 

observed treatment outcomes (Burke et al., 2014). Thus, in the presence of 

heterogeneous distribution of baseline risk among treatment groups, baseline risk 

must be carefully considered to achieve reliable estimates of treatment-effects. In 

the present study, we investigated two risk adjustment strategies for comparing 

the effect of a pharmacist-led intervention on HF-related and non-HF-related 30-

day readmissions. After adjusting for the proportion of correctly identified subgroup 

members, both the mutually exclusive and non-mutually exclusive risk analysis 

found that the intervention was associated with a reduction in readmission for both 

subgroups. In contrast, the naïve analysis only showed a reduction in readmission 

for HF-related readmissions, and no change in the frequency of non-HF related 

readmissions. This suggests that the difference in the distribution of baseline risk 

for HF-related and non-HF-related readmission between the control and 
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intervention groups is significant. This observation is supported by the fact that the 

intervention group was significantly more likely to have anemia, arrhythmia, 

dyslipidemia, and renal disease than control patients. These comorbidities suggest 

that patients in the intervention group have a high baseline risk for non-HF-related 

readmission. Failing to adjust for this increased risk, as was shown in this naïve 

analysis, can lead to a masking of the interventions effect for this patient subgroup. 

All three analyses were consistent in showing greater benefit for patients at risk of 

HF-related readmission than patients at risk for non-HF related readmission, 

although the magnitude of the benefit varied considerably between analyses. The 

likely reason for the variability in estimating the impact of the intervention on these 

patients is due to the relatively small size of this subgroup. This speaks to a larger 

limitation of clinical studies in that even if treatment-effect heterogeneity is 

identified, estimating the impact of the intervention on such subgroups is often 

difficult as studies are often not adequately powered to conduct such analyses. 

In conclusion, despite potential differences in pathology, and presentation, 

a pharmacist-led HF intervention can be an effective method for decreasing both 

non-related and HF related risk of readmission in African American patients with 

HF. 
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CHAPTER 3:  

IDENTIFYING FACTORS PREDICTIVE OF HEART FAILURE RELATED 

VERSUS NON-HEART FAILURE RELATED 30-DAY READMISSIONS 

Background 

Each year, nearly 200,000 patients will be readmitted within 30-days post-

discharge for HF; a condition that contributes upwards of $2.7 billion to aggregate 

medical costs annually (A. L. Hines et al., 2014; C. A. Steiner et al., 2015). In 

recognition of this significant problem, recent changes to the healthcare system 

under the Affordable Care Act (ACA) has made reducing 30-day readmission rates 

in HF patients a national priority. Under the hospital readmission reduction 

program, as established by the ACA, hospitals may be fined up to 3% of total 

Medicare payments to the hospital for excessive 30-day readmissions related to 

HF (McIlvennan et al., 2015). This strict penalty has encouraged hospitals to seek 

new ways to reduce 30-day readmissions for HF, as well as, assess the 

effectiveness of existing interventions in this patient population. Yet despite 

considerable efforts on the behalf of policy makers and clinicians, annual 

readmission rates for HF over the past decade have remained almost unchanged. 

A study of comparing changes in overall readmission rates pre- and post- 

healthcare reform for more than two million patients in Massachusetts, New Jersey 

and New York observed no difference in HF readmission rates over the two periods 
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(Lasser et al., 2014). A broader study comparing trends in readmission for patients 

hospitalized with HF in Canada and the U.S. reported similar declines in 30-day 

all-cause readmissions for HF over the past decade even though Canada does not 

have a similar readmission reduction program in place (Samsky et al., 2019). 

The lack of effective interventions for reducing readmissions has been 

primarily attributed to a poor understanding of the primary determinants of 30-day 

readmissions in HF patients (Desai Akshay S. & Stevenson Lynne W., 2012; Su 

et al., 2019). It is widely accepted that clinical factors such as left ventricular 

function, atrial fibrillation, renal dysfunction as well as certain biomarkers such as 

B type natriuretic peptide (BNP) and troponin have prognostic value in disease 

progression, severity, and mortality, however, there is currently no consensus on 

what factors contribute most towards all-cause 30-day readmission HF patients. 

This issue is magnified in the case of minorities, particularly African Americans, 

which may display divergent etiology. It has been reported that blacks have a 

higher incidence of HF than other populations and these incidences also tend to 

occur earlier in life (Bahrami et al., 2008; Bibbins-Domingo et al., 2009). 

Additionally, blacks also tend to have poorer outcomes after hospitalization for HF 

(Loehr et al., 2008; Vaccarino et al., 2002). It is thought that these differences in 

the presentation of HF in African Americans are due to the higher rates of 

modifiable risk factors such as hypertension, elevated lipid and blood glucose 

levels, and smoking may have a greater impact on HF risk in this population 

(Benjamin et al., 2017). Therefore, in order to support the development of targeted 

and effective interventions to reduce 30-day readmissions in this population, it is 
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critically important to develop an understanding of the primary factors influencing 

readmission risk in this population. In this study we aimed to identify factors 

predictive of heart failure related vs non-heart failure related 30-day readmissions 

and assess the differential impact of these factors on readmission risk in African 

American patients. 

Methods 

Data Source 

The methods have been previously described in (Moye et al., 2018). Briefly, 

data was collected from patients admitted to WellStar Atlanta Medical Center 

(WAMC), a major metropolitan academic hospital in Atlanta, Georgia, between 

May 2012 and December 2015 with a primary or secondary admission diagnosis 

of HF as defined by the following International Classification of Diseases (ICD) 

9th/10th revision codes: 428 and/or I50. Patients were divided into two groups: a 

historical control group (n = 126) and an intervention group (n = 193). Both groups 

received standard of care for HF and prescribed medications according to the most 

recent ACC/AHA clinical practice guidelines (Yancy et al. 2013). Standard of care 

at WAMC meant that all HF patients received a scale, an invitation to attend a 

cardiovascular educational class, a 72-hour post discharge call by a nurse, and an 

attempt to schedule a follow-up appointment with a physician. The standard of care 

protocol does not include a pharmacist. In addition to the standard of care, the 

intervention group received medication reconciliation, medication cost/formulary 

review, discharge medication counseling, self-monitoring resources (a packet of 

printed material included fluid/sodium intake log, daily symptom log, daily weight 
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log, a list of patients’ current medications, and healthcare providers contact 

information), and 14/30-day post-discharge telephone follow-up by pharmacy staff. 

Patients who received the intervention provided written consent, and both the 

patient and the healthcare institution retained a copy of the signature page for their 

records. This protocol was approved by both WAMC and Mercer University 

(Protocol: H1105099). 

Demographic, social, and clinical data were retrieved from the patients’ 

EMR, EPIC (EPIC Systems Corporation, Verona, WI) and analyzed for inclusion 

in the predictive model. The collected data contained a total of 40 attributes. In 

preparing the dataset for modeling, several characteristics were manually removed 

from the dataset due to correlation to other attributes, or lack of adequate 

distribution of attribute values among the study population. Data on medication 

adherence was collected using the 8-item Morisky Medication Adherence Scale 

(MMAS-8). The MMAS-8 is a validated measure of self-reported medication 

adherence estimated through the administration of an 8-item survey. MMAS-8 

scores ≥ 8 are correlated with high medication adherence, score < 8 but ≥ 6 are 

correlated with moderate medication adherence, and scores < 6 are correlated 

with low adherence (Morisky et al., 2008). 

Experimental Approach: 

Based on the performance of the intervention in the HF population it was 

decided that a pharmacist should remain as a permanent part of the interventional 

team. Therefore, all patients henceforth will receive the pharmacist-led 

intervention. For this study we only included patients who received the pharmacist-
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led intervention. The two outcomes of interest in this study were HF-related 

readmission within 30 days which was defined as a return hospitalization to an 

acute care hospital with a primary admission diagnosis of ADHF following a prior 

discharge from the same or another acute care facility within a period of 30-days, 

and non HF-related readmission which was defined as a return hospitalization to 

an acute care hospital for any reason other than ADHF following a prior discharge 

from the same or another acute care facility within a period of 30-days. 

Readmission status was determined using the patients’ EMR or as reported by the 

patient during the 30-day telephone follow-up. 

Statistical comparison of baseline demographics between groups was 

conducted to assess the distribution of covariates. Categorical covariates were 

summarized by frequency, and statistical comparison between groups was 

accomplished using χ2 tests or Exact test where necessary. Continuous covariates 

were summarized by mean and standard deviation (SD) or median and 

interquartile range based on normality tests. Statistical comparison of continuous 

covariates between groups was conducted using the student’s T test or Mann-

Whitney U test where appropriate. Statistical significance was defined as P < 0.05 

for all analyses. Missing data were imputed by multiple imputation by chained 

equations (MICE). The multiple imputation methodology and statistical analysis 

were conducted using the StatsModels (version 0.9.0) package. 

The data analysis process began with feature engineering. Feature 

engineering is the process of using domain knowledge to derive new attributes or 

better representations of existing attribute to support predictive modeling solutions. 
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Feature engineering was used to derive attributes for the total number of comorbid 

conditions, create interactions among cardiovascular risk factors, interactions 

between disease states and medication therapy, and dichotomize continuous 

variables. The engineered features were used to enrich to original dataset and 

support model development. 

Three probabilistic models were investigated for prediction of the primary 

outcomes: ridge regression, least absolute shrinkage and selection operator 

(Lasso), and a linear model tree. Ridge regression and Lasso regression are two 

forms of logistic regression that differ only be a penalization term. A linear model 

tree is an extension to the traditional decision tree. Decision trees make predictions 

by splitting the data based on attribute values such that similar observations fall 

into a single group. The linear model tree decides where to split the data based on 

the performance of a logistic regression model at each decision node. The choice 

of an algorithm for attribute selection for each model depended on the choice of 

predictive model. The penalization term for the Lasso model is capable of driving 

coefficient values to zero for attributes that have no relation to the primary 

outcome, in doing so the lasso model is able to select its own attributes. Likewise, 

the linear model tree selects attributes to split by which improve predictive 

accuracy. The penalization term in the ridge regression model is incapable of 

driving attribute coefficients to zero, thus attribute selection for this model must be 

carried out using another technique. Attribute selection for ridge regression model 

was carried out using a greedy sequential selection approach. The goal of the 

attribute selection step was to identify two sets of predictors, one to describe 
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readmission risk in patients at risk of heart failure related readmission and another 

set to describe readmission risk in patients at risk for non-heart failure related 

readmission. Model performance was compared based on AUROC, false positive 

rate (FPR) and false negative rate (FNR). AUROC is a metric that describes the 

ability of the model to distinguish between patients that will be readmitted vs 

patients that will not be readmitted. The regression coefficients for the best 

performing model was evaluated to assess directionality of each predictor. Images 

in this document are presented in color. 

Results 

Table 6 shows the distribution of baseline attributes among patients in the 

study. 114 (59%) study participants were females. The average age, and median 

length of stay of study participants were 60.5 years, and 5 days respectively. 

Approximately half of the study population, 95 (49.2%), were on ACEi therapy, 167 

(86%) were on beta blocker therapy, 126 (65.3%) were on a lipid lowering agent, 

about a third of patients, 68 (35.2%) had an ejection fraction less than 40%. The 

majority of patients were on Medicare or Medicaid, 105 (54.4%) and 52 (26.9%) 

respectively. During the study period, a total of 48 subjects were readmitted within 

30 days of discharge representing an overall readmission rate of 24.9% for this 

patient cohort. Among those readmitted, 25.0% of participants were readmitted for 

reasons related to HF. 
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Table 6. Selected demographics 

Demographics 
Overall Population 

N = 193 

ACEi, n (%) 95 (49.2) 

Age, mean (SD) 60.5 (14.4) 

Aldosterone Antagonist, n (%) 44 (22.8) 

Anemia, n (%) 67 (34.7) 

Angina, n (%) 39 (20.2) 

ARB, n (%) 20 (10.4) 

Arrhythmia, n (%) 60 (31.1) 

Aspirin, n (%) 119 (61.7) 

Asthma/COPD, n (%) 82 (42.5) 

BMI, median [Q1,Q3] 31.7 [25.0,40.9] 

Beta Blocker, n (%) 167 (86.5) 

Calcium Channel Blocker, n (%) 68 (35.2) 

Depression, n (%) 18 (9.3) 

Diabetes, n (%) 98 (50.8) 

Dialysis, n (%) 36 (18.7) 

Digoxin, n (%) 17 (8.8) 

Diuretics, n (%) 143 (74.1) 

Dyslipidemia/CAD, n (%) 104 (53.9) 

Gender, n (% Female) 114 (59.1) 

Heart Attack, n (%) 29 (15.0) 

HF Primary Admission Diagnosis, n (%) 79 (40.9) 

Home Health, n (%) 63 (32.6) 

Hypertension, n (%) 178 (92.2) 

Length of Stay, median [Q1,Q3] 5.0 [3.0,9.0] 

Lipid Lowering Agents, n (%) 126 (65.3) 

Nitrates, n (%) 66 (34.2) 

Obesity, n (%) 54 (28.0) 

Other Anticoagulants, n (%) 47 (24.4) 

Other Cardiovascular Medications, n (%) 84 (43.5) 

Pacemaker/ICD, n (%) 38 (19.7) 

Readmission Not Related to HF, n (%) 36 (18.7) 

Readmission Related to HF, n (%) 12 (6.2) 
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Demographics 
Overall Population 

N = 193 

Readmission within 30 Days, n (%) 48 (24.9) 

Renal Disease, n (%) 90 (46.6) 

Thyroid Disorder, n (%) 15 (7.8) 

Warfarin, n (%) 32 (16.6) 

Alcohol, n (%)  

No 146 (75.6) 

Yes 44 (22.8) 

Not Disclosed 3 (1.6) 

Ejection Fraction less than 40%, n (%)  

No 76 (39.4) 

Yes 68 (35.2) 

Unknown 49 (25.4) 

Follow up Appointment Scheduled, n (%)  

No 14 (7.3) 

Yes 177 (91.7) 

Unknown 2 (1.0) 

Illicit Drug use, n (%)  

No 161 (83.4) 

Yes 28 (14.5) 

Not Disclosed 4 (2.1) 

Insurance, n (%)  

Medicare 105 (54.4) 

Medicaid 52 (26.9) 

Private 26 (13.5) 

Self-Pay 3 (1.6) 

Charity 7 (3.6) 

Level of Adherence, n (%)  

Low 54 (28.0) 

Medium 74 (38.3) 

High 65 (33.7) 
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Demographics 
Overall Population 

N = 193 

Smoker, n (%)  

No 124 (64.2) 

Yes 67 (34.7) 

Not Disclosed 2 (1.0) 

Distribution of baseline characteristics among subjects in the control and intervention group. Significance declared for P < 

0.05. Other cardiovascular medications include hydralazine, amiodarone/other antiarrhythmics, alpha-1 antagonists, and 

clonidine. ACEi, angiotensin II converting enzyme inhibitor; ARB, angiotensin II receptor blocker; BMI, body mass index; 

CAD, coronary artery disease; ICD, implantable cardioverter-defibrillator; HF, heart failure. 

 

Three predictive models were trained and validated under 5-fold cross 

validation. The attributes used for model training included all of the patient 

demographics shown in table 6, plus the following interaction attributes generated 

through the feature engineering step: adherence level <> age, ejection fraction <> 

beta blocker use, ejection fraction <> ACEi use, ejection fraction <> ARB use, 

ejection fraction <> diuretics, ejection fraction <> aldosterone antagonist, 

dyslipidemia <> lipid lowering agent use, renal disease <> diuretics, renal disease 

<> dialysis, arrhythmia <> pacemaker/ICD, and number of comorbidities. 

The performance of these classifiers in predicting the two primary outcomes 

is shown in table 7 and figures 11 and 12. Based on AUROC, all classifiers 

performed better in predicting patients likely to be readmitted within 30-days for 

HF-related reasons than predicting those patients who would be readmitted for 

non-HF-related reasons. Both ridge regression and lasso regression achieved 

good discrimination between false positives and true positives. However, both of 

these classifiers also had a high false negative rate in predicting both primary 

outcomes compared to the linear model tree. Predictions from the linear model 

tree were also more stable over the five-fold cross validation compared to the ridge 
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regression and lasso regression models. Based on this information the linear 

model tree was chosen as the best model. 

 

Table 7. Classifier performance in prediction of primary outcomes. 

Classifier Ridge Regression Lasso Regression Linear Model Tree 

Outcome 
HF-

Related 
Non HF-
Related 

HF-
Related 

Non HF-
Related 

HF-
Related 

Non-HF 
Related 

AUROC 0.71 0.56 0.72 0.54 0.91 0.83 

FPR 0.13 0.36 0.15 0.48 0.11 0.19 

FNR 0.75 0.53 0.83 0.5 0.25 0.36 
Area under the receiver operator characteristic curve (AUROC); False positive rate (FPR); False negative rate (FNR) 
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Figure 11. ROC curve for prediction of HF-related readmission by all three 
classifiers. A) ROC curve for Ridge regression classifier. The gray shaded region 
represents the 95% confidence interval around the mean. B) ROC curve for the 
Lasso regression classifier. C) ROC curve for the linear model tree classifier. 
Receiver operator characteristic (ROC); least absolute shrinkage and selection 
operator (LASSO). 
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Figure 12. ROC curve for prediction of non-HF-related readmission by all three 
classifiers. A) ROC curve for Ridge regression classifier. B) ROC curve for the 
Lasso regression classifier. C) ROC curve for the linear model tree classifier. The 
gray shaded region represents the 95% confidence interval around the mean. 
Receiver operator characteristic (ROC); least absolute shrinkage and selection 
operator (LASSO). 
 

To identify patient characteristics that are important in describing patients’ 

risk for HF-related versus non-HF-related readmission, we used the linear model 

tree to estimate the probability of both categories of readmission risk. Patients 
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were deemed to be at high risk of HF-related readmission if the estimated 

probability of HF-related readmission is greater than 0.5. Likewise, patients were 

deemed to be at high risk for non-HF-related readmission if the estimated 

probability of non-HF-related readmission is greater than 0.5. Patient were deemed 

to be at low risk for either of these events if both probabilities were lower than 0.5. 

These patients were grouped by readmission risk category and their baseline 

characteristics are presented in table 8. Patients who were high risk for HF-related 

readmission were older on average, and more likely to be depressed, have a 

primary admission diagnosis of HF, receive home health, and were more adherent 

to their medication regimen than patients who were low risk or at high risk for non-

HF related readmission. Additionally, no patients in the high risk for HF-related 

readmission group was on dialysis at baseline. Patients who were at high risk for 

non-HF related readmission were more likely to be on calcium channel blockers, 

other cardiovascular medications, and had poorer medication adherence than 

patients in either of the other two categories. Patients in this group were also less 

likely to have a primary admission diagnosis of HF, receive home health, than 

patient in either of the other two categories. Patients who were at low risk for either 

event were less likely to be depressed than patients in high risk groups. 

Additionally, low risk patients had a relatively high level of medication adherence 

compared to patient who were at high risk for non-HF-related readmission. 
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Table 8. Distribution of baseline characteristics among subjects at high risk of 

non-HF-related readmission, high risk of HF-related readmission, and low risk for 

both HF-related and non-HF related readmission. 

Demographics Low risk 

High-risk for  

non-HF related 

readmission 

High-risk  

for HF-related 

readmission 

P value 

ACEi, n (%) 81 (50.3) 10 (45.5) 3 (33.3) 0.575 

Age, mean (SD) 60.2 

(14.6) 

56.5 (12.3) 71.7 (9.3) 0.027 

Aldosterone Antagonist, 

n (%) 

37 (23.0) 5 (22.7) 2 (22.2) 0.998 

Anemia, n (%) 57 (35.4) 8 (36.4) 2 (22.2) 0.713 

Angina, n (%) 34 (21.1) 5 (22.7) 0 0.296 

ARB, n (%) 16 (9.9) 2 (9.1) 2 (22.2) 0.49 

Arrhythmia, n (%) 49 (30.4) 6 (27.3) 4 (44.4) 0.63 

Aspirin, n (%) 100 (62.1) 11 (50.0) 7 (77.8) 0.323 

Asthma/COPD, n (%) 69 (42.9) 7 (31.8) 5 (55.6) 0.436 

BMI, median [Q1,Q3] 32.0 

[25.0,41.0

] 

31.0 [26.0,37.5] 26.0 [25.0,34.8] 0.613 

Beta Blocker, n (%) 139 (86.3) 20 (90.9) 7 (77.8) 0.621 

Calcium Channel 

blocker, n (%) 

51 (31.7) 13 (59.1) 3 (33.3) 0.041 

Depression, n (%) 11 (6.8) 4 (18.2) 3 (33.3) 0.009 

Diabetes, n (%) 81 (50.3) 13 (59.1) 4 (44.4) 0.683 

Dialysis, n (%) 28 (17.4) 8 (36.4) 0 0.034 

Digoxin, n (%) 14 (8.7) 1 (4.5) 2 (22.2) 0.286 

Diuretics, n (%) 121 (75.2) 13 (59.1) 8 (88.9) 0.158 

Dyslipidemia/CAD, n 

(%) 

82 (50.9) 14 (63.6) 7 (77.8) 0.177 

Gender, n (% Female) 92 (57.1) 13 (59.1) 8 (88.9) 0.17 

Heart Attack, n (%) 22 (13.7) 5 (22.7) 2 (22.2) 0.446 

Primary Admission 

Diagnosis of HF, n (%) 

68 (42.2) 4 (18.2) 7 (77.8) 0.007 

Home Health, n (%) 56 (34.8) 1 (4.5) 5 (55.6) 0.005 
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Demographics Low risk 

High-risk for  

non-HF related 

readmission 

High-risk  

for HF-related 

readmission 

P value 

Hypertension, n (%) 149 (92.5) 21 (95.5) 8 (88.9) 0.8 

Length of Stay, median 

[Q1,Q3] 

5.0 

[3.0,9.0] 

5.5 [3.0,10.8] 7.0 [4.0,12.0] 0.454 

Lipid Lowering Agents, 

n (%) 

101 (62.7) 16 (72.7) 8 (88.9) 0.202 

Nitrates, n (%) 53 (32.9) 7 (31.8) 5 (55.6) 0.369 

Obesity, n (%) 50 (31.1) 3 (13.6) 1 (11.1) 0.119 

Other Anticoagulants, n 

(%) 

40 (24.8) 4 (18.2) 3 (33.3) 0.649 

Other Cardiovascular 

Medications, n (%) 

65 (40.4) 15 (68.2) 4 (44.4) 0.048 

Pacemaker/ICD, n (%) 31 (19.3) 5 (22.7) 2 (22.2) 0.913 

Renal Disease, n (%) 69 (42.9) 14 (63.6) 6 (66.7) 0.085 

Smoker, n (%) 109 (67.7) 9 (40.9) 5 (55.6) 0.122 

Smoker, n (%) 50 (31.1) 13 (59.1) 4 (44.4) 
 

Smoker, n (%) 2 (1.2) 0 0 
 

Thyroid Disorder, n (%) 13 (8.1) 0 2 (22.2) 0.107 

Warfarin, n (%) 26 (16.1) 6 (27.3) 0 0.164 

Alcohol, n (%)    0.399 

No 118 (73.3) 18 (81.8) 9 (100.0) 
 

Yes 40 (24.8) 4 (18.2) 0 
 

Not Disclosed 3 (1.9) 0 0 
 

Ejection Fraction less 

than 40%, n (%) 

   0.126 

No 59 (36.6) 10 (45.5) 7 (77.8) 
 

Yes 59 (36.6) 6 (27.3) 2 (22.2) 
 

Unknown 43 (26.7) 6 (27.3) 0 
 

Follow-up appointment 

scheduled, n (%) 

   0.458 

No 11 (6.8) 1 (4.5) 2 (22.2) 
 

Yes 148 (91.9) 21 (95.5) 7 (77.8) 
 

Unknown 2 (1.2) 0 0 
 

Illicit Drug Use, n (%)    0.919 



67 

 

 

Demographics Low risk 

High-risk for  

non-HF related 

readmission 

High-risk  

for HF-related 

readmission 

P value 

No 133 (82.6) 19 (86.4) 8 (88.9) 
 

Yes 24 (14.9) 3 (13.6) 1 (11.1) 
 

Not Disclosed 4 (2.5) 0 0 
 

Insurance, n (%)    0.824 

Medicare 85 (52.8) 13 (59.1) 7 (77.8) 
 

Medicaid 44 (27.3) 7 (31.8) 1 (11.1) 
 

Private 22 (13.7) 2 (9.1) 1 (11.1) 
 

Self-Pay 3 (1.9) 0 0 
 

Charity 7 (4.3) 0 0 
 

Level of Adherence, n 

(%) 

   0.045 

Low 30 (18.6) 9 (40.9) 2 (22.2) 
 

Medium 48 (29.8) 8 (36.4) 1 (11.1) 
 

High 83 (51.6) 5 (22.7) 6 (66.7) 
 

Significance declared for P < 0.05. Other cardiovascular medications include hydralazine, amiodarone/other 

antiarrhythmics, alpha-1 antagonists, and clonidine. ACEi, angiotensin II converting enzyme inhibitor; ARB, angiotensin II 

receptor blocker; BMI, body mass index; CAD, coronary artery disease; chronic obstructive pulmonary disease, COPD; 

ICD, implantable cardioverter-defibrillator; HF, heart failure.  

 

Figure 13 shows the decision path of the linear model tree for predicting 

patients likely to be readmitted for HF and non-HF related causes. In each case 

the linear model tree splits twice, identifying three subgroups for each predictive 

outcome. Among those at risk of non-HF related readmission the linear model tree 

identified the following subgroups: patients with a length of stay less than or equal 

to 2 days, patients with a length of stay longer than 2 days and a MMAS-8 score 

greater than 8, and patients with a length of stay shorter than 2 days and a MMAS-

8 score less than 8. These subgroups will be hereafter referred to as short-stay, 

long-stay/high adherence, and long-stay/low to moderate adherence patients 

respectively. Among those at risk of HF related readmission the linear model tree 
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identified the following subgroups: patients less than or equal to 74 years old, 

patients older than 74 years old and having an ejection fraction greater than 40%, 

and patients older than 74 years old and having an ejection fraction less than 40%. 

These subgroups will be hereafter referred to as younger, older/preserved ejection 

fraction (HFpEF), and older/reduced ejection fraction (HFrEF) patients 

respectively. 

 

Figure 13. Visualization of the Linear Model Tree. A) Attributes for patients at risk 
of non-HF related readmission. B) Attributes for patients at risk of HF-related 
readmission. The ⊕ symbol indicates the condition is true for the given population; 
the ⊖ indicates the condition is false for the given population. 

  

 The directionality of predictors among these subgroups was assessed using 

the regression coefficients estimated from the linear model of each leaf node. The 

regression coefficients represent the average change in readmission risk given a 

unit change in an independent predictor variable. These regression coefficients 

can be made more interpretable by transforming them, exponentially, to calculate 

odds ratios. The odds ratios shown in Figure 14 shows the effect of patient specific 

characteristics on readmission risk for each of the subgroups identified by the 

⊕ 

⊕ 

⊕ 

⊕ 

⊖ 

⊖ ⊖ 

⊖ 

A. B. 
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linear model tree. Odds ratios greater than one represent increased likelihood of 

readmission. With regards to non-HF related readmission, patients with a short 

length of stay and depression were 4 times more likely to be readmitted. Patients 

with a short length of stay and who had diabetes or dyslipidemia were 2.3 and 1.9 

times more likely to be readmitted for non-HF related causes within 30-days, 

respectively. Other notable factors associated with higher readmission risk in the 

short length of stay subgroup were lipid lowering agents, ACEi’s and being on other 

cardiovascular medications at baseline. Patients with a longer length of stay and 

high medication adherence were 2.3 times more likely to be readmitted if they had 

a history of heart attack, 1.78 times more likely to be readmitted if they were on 

aldosterone antagonists, and 1.77 more likely to be readmitted for non-HF related 

reasons if they were on dialysis. Patient with a longer length of stay and low to 

moderate medication adherence were 2.3 times as likely to be readmitted if they 

had a pacemaker, 2 times as likely to be readmitted if they were on warfarin or lipid 

lowering agents at baseline, and 1.82 time more likely to be readmitted for non-HF 

related reasons if they had renal disease. 

With regards to HF-related readmission, patients younger than 74 were 

nearly twice as likely to be readmitted for HF-related reasons if they were on ARB’s 

at baseline, 1.97 times more likely to be readmitted if they had a primary admission 

diagnosis of HF, and 1.95 more likely to be readmitted for HF-related reasons if 

they were on lipid lowering agents. Patients older than 74 with a reduced ejection 

fraction were 1.9 and 1.5 more likely to be readmitted for HF-related causes if they 

were on anticoagulants, direct oral anticoagulants and warfarin respectively. 
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Patients older than 74 with a preserved ejection fraction were 2.72 times more 

likely to be readmitted for HF-related causes if they had either renal disease or 

depression. 

 

Figure 14. Estimated odds of readmission by subgroup. A, B, and C are the 

estimated odds of non-HF related readmission per attribute for the short length of 

A. 

B. 

C. 

D. 

E. 

F. 
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stay, long length of stay/high adherence and long length of stay/low to moderate 

adherence subgroups respectively. D, E, and F are the estimated odds of HF 

related readmission per attribute for the younger, older/reduced ejection fraction 

and older/preserved ejection fraction subgroups respectively. 

Discussion 

 There have been several attempts over the past two decades to develop 

predictive models of 30-day readmission in patients with HF using both statistical 

and machine learning methods. Several researchers have aimed to use large 

patient databases in conjunction with machine learning techniques to improve 

predictive accuracy over traditional statistical models. In 2016, Mortazavi et al. 

developed logistic regression, Poisson regression, gradient-boosting machine 

(GBM), support-vector machine (SVM) and random forest models to predict all-

cause readmission within 30 days in patients with HF (Mortazavi Bobak J. et al., 

2016). The study included 236 attributes including socioeconomic, demographic, 

laboratory results, physical exams, and patient survey information collected from 

a diverse population of subjects. The GBM was determined to be the best 

performing model with an AUROC of 0.615. In a similar study also conducted in 

2016, Yang et al. developed a LASSO, GBM, and an artificial neural network 

(ANN) model to predict all-cause readmission within 30 days in a population of HF 

patients (Yang et al., 2016). Candidate attributes for their predictive models 

included patient demographics, admission and discharge information, clinical, 

disease severity, hospital, and previous admission information. All three models 

performed similarly with an AUROC of 0.657, 0.663, and 0.662 for the Lasso, 
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GBM, and ANN models respectively. In comparison to these studies our linear 

model tree was able to achieve an AUROC of 0.91 and 0.83 for predicting HF-

related and non-HF related 30-day readmissions respectively. The improvement 

in predictive performance of the linear model tree compared to models in 

previously published studies is likely a result of the homogeneous population. By 

majority, most previously published studies aiming to develop predictive models of 

HF readmission have conducted large multicenter studies, often enrolling 

thousands of patients from diverse populations. In contrast, our study was 

conducted at a single center in which African Americans were the predominant 

demographic group. The significant performance gap between our model and 

previously published attempts suggest that there may not be a clearly identifiable, 

and relatively succinct set of risk factors for readmission that are common to a 

majority of the HF population. The improved performance of the linear model tree 

in predicting HF-related readmissions compared to non-HF related readmissions 

seems to indicate that HF-related readmissions in African Americans are 

associated with traditional HF-risk factors and are easier to predict.  

 In our study it was observed that patients with a relatively short length of 

stay were at were four times as likely to be readmitted for non-HF related causes 

if they were depressed. Depression is a common comorbid condition among HF 

patients. It has been demonstrated that the New York Heart Association (NYHA) 

functional class, a metric that measures the severity of HF-related symptoms, is 

significantly associated with depression (Lossnitzer et al., 2014). It has been 

observed that depressed patients are significantly less likely to adhere to 
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prescribed medication therapy, lifestyle recommendation, and attend follow-up 

appointments compared to an undepressed cohort; all of which contributes to a 

higher disease burden and an increased likelihood of hospitalization (Trudel-

Fitzgerald et al., 2016, p.) Other factors leading to an increased risk of non-HF 

related readmission included diabetes and dyslipidemia which are known risk 

factors for HF, and HF complications. Patients in this group who were on other 

cardiovascular medications, a list that includes hydralazine, amiodarone/other 

antiarrhythmics, alpha-1 antagonists, and clonidine, at baseline were at increased 

risk of non-HF related readmission. While the list of other cardiovascular 

medications contains many classes of drug, many of these agents are traditionally 

used as alternative or second-line options which may indicate a sicker patient 

population overall. 

 Long-stay and high adherence patients were observed to be at increased 

risk of non-HF readmission if they had a history of heart attack. Heart attack is a 

known risk factor for HF (Clyde W. Yancy et al., 2013). Heart attacks result in 

damage to the heart which can greatly impair pump function and may also suggest 

a more severe presentation of HF leading to a higher likelihood of experiencing 

complications requiring readmission. Dialysis and the used of Aldosterone 

antagonist at baseline were also found to have a large influence on non-HF related 

readmissions. Patients requiring dialysis have poor renal function which increases 

the probability of the patient experiencing fluid and electrolyte abnormalities. If 

severe enough these abnormalities can result in readmission. Additionally, 

patients on dialysis often require adjustments to therapeutic agents and need to 



74 

 

 

be closely monitored based on the degree of renal impairment. Aldosterone 

antagonists are a class of potassium-sparing diuretics that have demonstrated 

significant morbidity and mortality benefits in African-American patients with HF 

(Marcy & Ripley, 2006). Due to their potassium-sparing nature their use in patients 

with poor renal function must be closely monitored as an excess of potassium can 

lead to significant cardiac arrhythmias leading to increased readmissions. 

 Long-stay patients with low to moderate medication adherence were 

observed to be at greater risk of non-HF related readmission if they required an 

implantable cardioverter-defibrillator (ICD). Patients with HFrEF are at an 

increased risk for arrhythmias, particularly ventricular tachyarrhythmias resulting 

in sudden cardiac death (SCD). ICDs have been shown to significantly decrease 

overall mortality in patients at risk of SCD, however, frequent shocks from ICD can 

decrease health-related quality of life and potentially exacerbate HF leading to 

increased readmissions (Bardy et al., 2005). Furthermore, in a 2008 study 

examining patient and physician factors associated with mortality and 

complications following ICD implantation it was reported that older age, and the 

presence of cardiac and non-cardiac comorbidities was associated with an 

increased risk of post-procedural complications (Al-Khatib et al., 2008). Patients 

with low to moderate adherence maybe at increased risk of experiencing ICD 

complications requiring readmission potentially due to poorly controlled 

comorbidities. Patients in the long-stay, low to moderate adherence group were 

also at higher risk of readmission if they were on warfarin or lipid lowering agents 

at baseline. It is likely that adverse drug events are responsible for the increased 
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readmission risk in this patient population. Warfarin is often recommended over 

direct oral anticoagulants in patients with poorer adherence as warfarin level can 

be closely monitored by clinicians. However, patients on warfarin must adhere to 

a strict diet and dosing schedule. Slight deviations in these parameters can lead 

to significant increases in bleeding or thromboembolic risk, a common cause of 

unexpected hospitalization among warfarin patients. While lipid lowering agents 

do not require such close monitoring, poor adherence to lipid lowering agents 

increases the risk of heart attack or stroke and supratherapeutic doses of statins 

agents, one of the most common lipid-lowering agents, may lead to 

rhabdomyolysis a serious condition that can result in renal failure. 

In our study it was observed that younger patients were about twice as likely 

to be readmitted for HF-related causes if they were on an ARB at baseline. ARBs 

are currently recommended first line in the treatment of Stage C HF with reduced 

ejection fraction due to the observed morbidity and mortality benefits in several 

randomized control trials (Consensus Trial Study Group, 1987; Garg & Yusuf, 

1995; SOLVD Investigators et al., 1991; C. W. Yancy et al., 2017; Clyde W. Yancy 

et al., 2013). However, there is much debate over the effectiveness of ARBs in the 

African-American population as significant underrepresentation has limited clinical 

evidence, and sub-analyses of African-American patients in early clinical trials 

have failed to demonstrate the effectiveness of these agents in the African-

American population (Cohn et al., 2000). The findings of our study support the 

hypothesis that ARB therapy may not be protective in African Americans. In the 

younger population it was also observed that the use of lipid lowering agents was 
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associated with an increased risk of HF-related readmission. It is known that high 

serum cholesterol is a well-defined risk factor for cardiovascular disease and 

mortality in the general population, however, it has been observed that 

dyslipidemia displays reverse epidemiology in patients with HF. In a study of 58 

patients with established HF, it was observed that total serum cholesterol levels 

below 200 mg/dL were predictive of impaired 12-month event-free survival 

(Rauchhaus et al., 2000). In a larger study examining 1,134 patients with advanced 

HF, it was reported that patients with a low total cholesterol level had a significantly 

lower ejection fraction, and cardiac output. Additionally, it was found that total low-

density lipoprotein (LDL) and high-density lipoprotein (HDL) were significant 

predictors of survival, with the authors noting improved survival with higher serum 

cholesterol levels (Horwich et al., 2002). This evidence proposes a mechanism 

where aggressive lipid lowering therapy in patients with HF could lead to poor 

clinical outcomes and increased readmission risk.  

Our results showed that anticoagulation therapy in older patients with 

reduced ejection fraction contributed to an increased risk of HF-related 

readmission. The risk of stroke or other thromboembolic event is non-trivial in HF 

patients due to the co-occurrence of atrial fibrillation and other risk factors in the 

HF population. Anticoagulation has been shown to be beneficial in HF patients with 

atrial fibrillation, however, there is conflicting evidence on the benefits of 

anticoagulation in HFrEF and normal sinus rhythm (Beggs et al., 2019; Homma et 

al., 2012; Massie et al., 2004; Zannad et al., 2018). As such, anticoagulation 

therapy is not recommended patients with HFrEF without atrial fibrillation, a prior 
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thromboembolic event, or a cardioembolic source (Clyde W. Yancy et al., 2013). 

Anticoagulation therapy has been associated with an increased risk of major 

bleeding, resulting in an increased likelihood of non-HF related readmissions, but 

there are currently no studies that have associated anticoagulation with an 

increased risk of HF-related readmission. It is likely that the association between 

HF-related readmission and anticoagulation therapy observed in our study is the 

result of a confounding factor. Patient on anticoagulation therapy, particularly those 

on warfarin, may be monitored more closely than patients who do not require 

anticoagulation. This increased interaction with health system may have made it 

more likely that this particular subset of patients was readmitted at a higher rate 

for HF decompensations. Renal disease was also shown to be associated with an 

increased risk of HF-related readmission. Renal disease and HF share many risk 

factors, such as increasing age, diabetes and hypertension, with renal disease 

itself being a risk factor for HF. As such, more than half of all HF patients have 

some degree of renal impairment (Ahmed 2008). There is mounting evidence that 

supports a bidirectional causality between HF and renal disease. In the SOLVD 

investigation, the use of ACEi without beta blockers in patients with HFrEF was 

associated with a deterioration in renal function. However, the deterioration was 

prevented in patients given a combination of ACEi and beta blocker therapy, a 

combination shown to improve cardiac function (SOLVD Investigators et al., 1991). 

Additionally, a 2012 study investigating animal models of cardiorenal syndrome 

reported that an induced myocardial infarction or nephrectomy alone did not result 

major kidney damage, however, both events together contributed synergistically 
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to kidney damage (Szymanski et al., 2012). Conversely, retrospective analysis of 

the SOLVD trial demonstrated moderate renal impairment to be associated with 

an increased risk of death or hospitalization for HF (Dries et al., 2000). 

Furthermore, the presence of renal disease has been shown to influence the 

receipt of evidence-based therapy. Aldosterone antagonists have been shown to 

demonstrate significant morbidity and mortality benefits in African-Americans with 

HF, however these drugs may be underused in patients with renal dysfunction due 

to the concern of hyperkalemia (Marcy & Ripley, 2006). In our study home 

healthcare was associated with a higher risk of HF-related readmission in patients 

with HFrEF. This observation coincides with findings from a 2018 study 

investigating referral to home health and 30-day readmission in older adults with 

HF. In that study, Arundel et al. reported increased HF-related readmission in 

patients discharged to home health services as compared to patients not referred 

to home health services (Arundel et al., 2018). 

In the older patients with HFpEF an association between depression and 

increased risk of HF-related readmission was observed. No clear biological 

mechanism has been established describing the relationship between depression 

and readmission in HF patients, nonetheless, this association has been observed 

has previously been reported. Two studies investigating the impact of depression 

on readmission in patients with HF, Johnson et al. in 2012 and Freedland et al. in 

2015, both reported similar findings; significantly increased risk of multiple 

readmissions in HF patients diagnosed with depression compared to patients 

without such a diagnosis. The 2012 study assessed HF-related readmissions in 
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particular. (Freedland et al., 2015; Johnson et al., 2012). Within our study, older 

patients with HFpEF and renal disease were also found to be at increased risk of 

HF-related readmission. Notably, the association between renal disease and HF-

related readmission was much stronger in this subgroup compared to patients with 

HFrEF. This observation is supported by a 2007 study which examined kidney 

disease associated mortality in diastolic versus systolic HF. Herein, the authors 

reported the risk of chronic kidney disease-associated mortality progressively 

increased with increasing ejection faction (Ahmed et al., 2007). Our study suggests 

that these findings may extend to readmission risk as well. 

Overall no clear theme emerged among the subgroups that 

comprehensively described HF-related or non-HF related readmission risk. 

Instead there were many subgroups among the total population, each with their 

own set of attributes that described their attributable readmission risk. This speaks 

to the difficulty of addressing HF readmission through a single broad intervention 

mechanism as there are many factors that contribute both independently and 

mutually to 30-day readmission risk. It is likely multimodal intervention strategies 

that seek to address several aspects of patient care such as mental health, quality 

of life, and clinical factors will provide the greatest benefit in reducing overall 30-

day readmission risk in African Americans with HF. 
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CHAPTER 4: 

RELATIONSHIP BETWEEN MEDICATION ADHERENCE, LIFESTYLE 

MODIFICATION, AND LONG-TERM BLOOD PRESSURE CONTROL 

Background 

Hypertension is the most prevalent chronic disease among U.S. residents. 

Hypertension affects about a third of all U.S. adults, approximately 75 million 

persons, and despite the availability of effective treatments for the management of 

this condition, only about half (54%) of U.S. patients living with hypertension have 

their blood pressure under control (Merai, 2016). Uncontrolled hypertension is a 

known risk factor for cardiovascular disease and a significant contributor to the 

overall disease burden in the United States (James et al., 2014). The economic 

impact of this disease is estimated to be $48.6 billion annually with more than 

410,000 deaths attributed to uncontrolled hypertension in 2014 (Fryar et al., 2017; 

High Blood Pressure (Hypertension) Information | cdc.gov, 2019; Merai, 2016).  

Poor adherence to antihypertensive therapy has been identified as a 

significant contributor to failing to achieve appropriate blood pressure control in 

this population (Brown & Bussell, 2011; Burnier, 2006; Sabate, 2003). Adherence 

to antihypertensive therapy has been examined by many investigators over the 

past decade, however, there is little agreement on how adherent patients are to 

antihypertensive therapy in ambulatory care environments.
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 Several studies examining adherence rates to antihypertensive therapy 

have reported adherence rates between 35% and 94% (Caro et al., 1999; Psaty 

et al., 1995; Schroeder et al., 2004). One reason for this disagreement is the lack 

of a consensus surrounding the selection of an appropriate measure of medication 

adherence. Traditional methods of estimating medication adherence such as 

patient logs, and drug concentration measurement in plasma have been shown to 

overestimate adherence, while other measures such as pill counts are known to 

underestimate adherence (Lam & Fresco, 2015). Another contributor to this 

disagreement is the multidimensional nature of medication adherence. Medication 

adherence can be described by three independent components: initiation, 

implementation, and persistence (Stirratt et al., 2018). While initiation, and 

implementation behaviors are commonly assessed in clinical studies, persistence 

behaviors may often be overlooked. Persistence in medication adherence refers 

to whether a patient continues appropriate medication taking behavior over time 

and is arguably of greater importance to describing the relationship between 

medication adherence and long-term blood pressure control. 

In addition to medication adherence, various lifestyle behaviors are 

associated with effective blood pressure control. The 2017 hypertension guidelines 

emphasize the importance of health lifestyle choices, also called “lifestyle 

modification,” in the treatment and management of hypertension in adults. Lifestyle 

modifications recommended in these guidelines include: weight loss in obese 

patients, sodium reduction, exercise, smoking cessation, and reduced 

consumption of alcohol (Whelton Paul K. et al., 2018). While the current 
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hypertension guidelines generally recommend that these lifestyle modifications be 

implemented as a set, there is little information on the effectiveness of 

simultaneous implementation of lifestyle modifications, the impact of partial 

implementation of lifestyle recommendations, or the synergism between lifestyle 

modifications and medication adherence on long-term blood pressure control.  

In this study we assessed the impact of a pharmacist-designed mobile 

health application on medication adherence over time and investigated the 

association between persistence of medication adherence behaviors, lifestyle 

modification, and long-term blood pressure control. 

Methods 

Data comes from a prospective, multicenter, randomized controlled trial 

conducted at Emory, Grady, and Wellstar Atlanta Medical Center in Atlanta, 

Georgia. This study was reviewed and approved by the university and associated 

healthcare systems’ Institutional Review Boards (IRB). The study has been 

registered on clinicaltrials.gov (NCT04066010). Enrollment began in October 2016 

and was completed in May 2018 with data collection completed in November 2018.  

Patients who received care at these ambulatory care clinics were eligible to 

participate in the study if they were at least 18 years of age, diagnosed with 

hypertension as evidenced by International Statistical Classification of Diseases, 

10th edition (ICD-10) codes or chart documentation, prescribed at least one 

antihypertensive medication for a minimum of three months prior to enrollment, 

had access to a compatible Android mobile device with data capabilities, and 

consented to using the app on their device. Patients were excluded if they did not 
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read or speak English or were unable to consent due to literacy or cognitive 

impairment. Eligible patients were pre-screened using institutional scheduling 

systems and recruited from the clinics’ waiting rooms either before or after a 

standard clinic visit. Patients were required to sign an informed consent and a 

Health Insurance Privacy and Accountability Act (HIPAA) waiver prior to study 

enrollment. The study outcomes included assessment of the change in medication 

adherence as defined by the cumulative medication gap (CMG) and the evaluation 

of change in BP. 

Upon study enrollment, a member of the research team collected patient 

demographic parameters (age, gender, race, marital status, insurance status, 

annual income, and selected comorbidities). Additionally, clinical information was 

collected relating to antihypertensive medications, BP measurement, and lifestyle 

habits (activity level, diet, smoking, alcohol use, and self-care). Blood pressure 

goals were programmed into the app at the time of study enrollment. Of note, 

hypertension guidelines were updated during the study enrollment period; 

therefore, participant’s BP goals reflected the most current guideline 

recommendations (James et al., 2014; Whelton et al., 2017). The short-form Test 

of Functional Health Literacy in Adults (s-TOFHLA) was administered to assess 

health literacy.  

The customized mobile app, BP-n-Me, was developed by the research 

team, which consisted of clinical pharmacists and pharmaceutical researchers with 

support from technology consultants. Study participants were randomized to either 

the intervention or the control group in a 2:1 ratio during the three-month study 
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period. Subjects in the intervention group received a full version of this app while 

subjects in the control group received a limited version of this app. The full version 

of the BP-n-Me app consisted of a series of features including (1) calendar 

reminders of when to take medications and the patient’s antihypertensive 

medication regimen (2) a “Call your Pharmacist” button specific to  patient’s 

community pharmacy, (3) a BP log in which the patient could enter BP values that 

were automatically compared to goal values, (4) lifestyle and medication 

adherence surveys, and (5) patient education for lifestyle and adherence factors 

individually tailored to each patient. The limited version of the BP-n-Me app only 

allowed participants to enter their BP values and did not provide any additional 

functionality or app engagement.  Study personnel downloaded the applicable 

version of the BP-n-Me app onto study patients’ phones, trained the patients on 

how to use the app, and gave all the patients a copy of the pamphlet “Blood 

Pressure and Your Health” developed by the American Society of Hypertension at 

the initial visit. Patients in the intervention group were asked to complete the survey 

of lifestyle habits and adherence survey in the BP-n-Me app at the end of months 

one and two of the study period. Patients in the control group did not have the 

surveys in the app; therefore, there were no surveys administered in this group 

during months one and two.  

All patients received standard of care throughout the study period; 

therefore, changes could be made to the patients’ antihypertensive regimen. All 

patients completed the lifestyle habits and applicable medication adherence 

survey at the three-month follow-up appointment. In addition, data from the 
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patient’s BP-n-Me app was downloaded and the patient’s BP was re-assessed 

during this follow-up. During this follow-up appointment, patients received a 

nominal monetary stipend for their participation in the study. Refill history was 

assessed retrospectively for three months before study enrollment, during the 3-

month study period, and prospectively for three months following the study period. 

The CMG was assessed by contacting patients’ community pharmacies and 

obtaining patients’ anti-hypertensive medication refill histories or evaluating refill 

records available through the institution’s EMR. The CMG is the number of days 

in which the medication was not available (gap) between each prescription fill, 

divided by the number of days between the first and last medication fill during the 

period. The CMG is expressed as either a continuous proportion or is dichotomized 

at the cutoff point of 0.2 and classified as either adherent (< 0.20) or non-adherent 

(≥ 0.20).(J. F. Steiner & Prochazka, 1997)   A total of three CMGs were calculated 

from pre-, during-, and post-app uses for each of the patients enrolled in the study.  

Statistical Analysis:  

Statistical comparison of baseline demographics between groups was 

conducted to assess the distribution of covariates post-randomization. Categorical 

covariates were summarized by frequency, and statistical comparison between 

groups was accomplished using Fisher’s exact tests. Continuous covariates were 

summarized by median and inter-quartile range (IQR). Statistical comparison of 

continuous covariates between groups was conducted using the Mann-Whitney U 

test. Comparison of continuous covariates within groups was conducted using the 

Wilcoxon signed rank test.  Statistical significance was defined as p < 0.05 for all 
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analyses. Statistically relevant differences in baseline demographics post-

randomization were addressed through propensity score matching (PSM). Missing 

data were accounted for using multiple imputation by chained equations (MICE). 

The multiple imputation methodology and statistical analysis were conducted using 

the StatsModels (version 0.9.0) package, and PSM was accomplished via the 

Pymatch package for Python (version 3.7). The impact of the intervention on 

medication adherence was assessed through Theil-Sen Siegel regression, a non-

parametric extension to ordinary linear regression. Confidence intervals for the 

median change from baseline between the primary outcomes were estimated 

using a bootstrap method with 1000 samples. The presence of a trend in patient-

recorded systolic and diastolic blood pressure readings was assessed using the 

augmented Dickey-Fuller test. The augment Dickey-Fuller test is a test for 

stationarity in a timeseries where observing a p-value less than the level of 

significance (α) indicates that the observed data has no significant trend. The 

presence of a trend in the number of uncontrolled hypertensive events, defined as 

a systolic or diastolic BP reading greater than the patients individualized BP goal 

was assessed by dividing the three month study period into five 18-day periods 

and testing for a significance difference in the number and rate of uncontrolled 

hypertensive events using the Chi squared test for independence and logistic 

regression respectively The relationship between persistence of medication 

adherence behaviors, lifestyle modifications, and long-term blood pressure control 

was assessed by the Andersen-Gill counting process model, and Aalen-



87 

 

 

Johansson estimator. Long-term blood pressures were based on the entries from 

patient’s daily BP log. Images in this document are presented in color. 

Results 

A total of 413 patients were screened for inclusion; 55 met eligibility criteria 

and were enrolled.  Thirty-nine patients were randomized to the intervention group 

and 16 to the control group. Thirty-five patients completed the study, 23 patients 

in the intervention group and 12 in the control group. Table 9 depicts the baseline 

characteristics of the patients from both groups. Regarding the study population, 

the majority of patients were African American and living in urban areas. 

Approximately two-thirds of the patients were between the ages of 31-50 years 

old, slightly over half of the patients were female or had some form of government 

sponsored insurance (e.g. Medicare, Medicaid, or insurance through the health 

insurance marketplace). Finally, about two-thirds of the patients had an annual 

income of less than $30,000. Statistically significant differences in baseline 

demographics were noted for sex, insurance status, number of medications, as 

well as the incidence of type 2 diabetes and chronic kidney disease. 

Table 9. Selected demographics 

Characteristics 
Control  

(n=16) 

Intervention 

(n=39) 
P Value 

Age, n (%), years   0.76 

18 - 30 3 (18.8) 7 (18.0)  

31 - 50 9 (56.2) 24 (61.5)  

51 - 75 4 (25.0) 8 (20.5)  
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Characteristics 
Control  

(n=16) 

Intervention 

(n=39) 
P Value 

Sex, n (%)   0.03 

Female 9 (56.2) 19 (48.7)  

Male 3 (18.8) 14 (35.9)  

Not Specified 4 (25.0) 6 (15.4)  

Ethnicity, n (%)   0.03 

African American 8 (50.0) 17 (43.6)  

Caucasian 6 (37.5) 21 (53.8)  

Other 2 (12.5) 1 (2.6)  

Marital Status, n (%)   0.11 

Single 7 (43.8) 11 (28.2)  

Married 5 (31.2) 14 (35.9)  

Divorced/Widowed 4 (25.0) 14 (35.9)  

Insurance Status, n (%)   < 0.01 

Uninsured 6 (37.5) 11 (28.2)  

Medicare/Medicaid 2 (12.5) 15 (38.5)  

Marketplace 7 (43.8) 8 (20.5)  

Private 1 (6.2) 5 (12.8)  

Annual Income, n (%), $   0.66 

< 10,000 6 (37.5) 11 (28.2)  

10,000 – 29,999 5 (31.3) 13 (33.3)  

30,000 – 49,999 4 (25.0) 12 (30.8)  

≥ 50,000 1 (6.2) 3 (7.7)  

sTOFHLA Score, Median (IQR) 31.0 (13.3) 32.0 (13.5) 0.39 

Baseline CMG, Median (IQR)  0.42 (0.47) 0.25 (0.39)  0.02 

Baseline Systolic BP, Median (IQR)  141 (32) 141 (21)  0.29 

Baseline Diastolic BP, Median (IQR)  83 (17) 85 (17)  0.49 

Number of Medications, n (%)   0.04 

1 5 (31.2) 4 (10.3)  

 2 3 (18.8) 9 (23.1)  

3  3 (18.8) 11 (28.2)  

4 3 (18.8) 10 (25.6)  

5  2 (12.5) 5 (12.8)  
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Characteristics 
Control  

(n=16) 

Intervention 

(n=39) 
P Value 

Comorbidities, n (%)    

Type 2 Diabetes 5 (31.3) 18 (46.1) 0.06 

Chronic Kidney Disease 2 (12.5) 11 (28.2) 0.01 

Dyslipidemia 3 (18.8) 12 (30.8) 0.10 

Heart Failure 9 (56.2) 21 (53.8) 0.87 

Maximum score for the s-TOFHLA exam is 36. Short form test of functional health literacy, (s-TOFHLA). 

Unadjusted Analysis 

Three months before study enrollment, the median CMG for the control 

group was significantly higher than the median CMG for the intervention group 

(0.42 vs 0.25; p = 0.02). The statistical significance of this trend persisted during 

the study, (0.29 vs 0.19; p = 0.04). The CMGs remained relatively unchanged after 

study completion (0.27 vs 0.20; p = 0.18). There were no statistically significant 

differences in CMG between time periods for either group. The bootstrap estimate 

for the median change in CMG for the control group was -0.08 95% CI [-0.29, 0.06], 

and 0.00 95% CI [-0.12 to 0.04] from before the study to during the study and 

during the study to after study completion, respectively. The bootstrap estimate for 

the median change in CMG for the intervention group was -0.03 95% CI [-0.13 to 

0.03], and 0.00 95% CI [-0.02, 0.1] from before the study to during the study and 

during the study to after study completion respectively. 

Adjusted Analysis 

Due to the imbalanced distribution of baseline patient characteristics among 

subjects in the intervention and control group, PSM was performed to limit bias in 

the estimation of the effect size of the intervention. Attributes determined to have 

a statistically significant difference in baseline distribution between groups were 
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included as covariates in the PSM adjustment. Subjects in the intervention group 

that had no match among subjects in the control group, based on baseline 

covariates, were removed from the dataset. The impact of the PSM adjustment on 

attribute balance was evaluated graphically and through statistical analysis. Figure 

15 presents the difference in propensity score distributions between the control 

and intervention subjects before and after PSM adjustment. After matching, 

subjects in the control and intervention group were observed to have a more similar 

distribution of baseline covariates. Additionally, no significant difference was 

observed in attribute distributions between subjects in the matched control and 

intervention groups indicating improved attribute balance. 

 

Figure 15. Distribution of propensity scores. Before trimming (panel A) and after 
trimming the dataset (panel B). 

In the unadjusted analysis, non-parametric regression analysis 

demonstrated a statistically significant decrease of 0.1 in CMG for the intervention 

group during the study, and non-significant decrease of 0.7 for the intervention 

group after study completion.  However, after adjusting for baseline CMG, 

regression analysis showed the intervention to have a negligible effect on 

medication adherence both during and after study completion (Table 10). 

A. B. 
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Table 10. Regression estimates for adherence outcome. 

 Unadjusted Analysis Adjusted Analysis 

 During Study 
After Study 

Completion 
During Study 

After Study 

Completion 

 
Estimate 

[95% CI] 

P 

Value 

Estimate 

[95% CI] 
P Value 

Estimate 

[95% CI] 

P 

Value 

Estimate 

[95% CI] 
P Value 

CMG 
-0.10 

[-0.17, -0.04]  
0.002 

-0.07 

[-0.11, 

0.02] 

0.15 

-0.02 

[-0.05, 

0.03] 

0.70 

0.00 

[-0.06, 

0.05] 

0.89 

Cumulative medication gap (CMG) 

Daily blood pressures recorded in the patient’s BP log over the 3-month 

study period were assessed to investigate the relationship between persistence in 

adherence behaviors and long-term blood pressure. Over the 3-month study 

period, a total of 1393 BP measurements were entered in the log. On average, 

patients entered BP readings for a total of 16 days over the study period, and by 

day 21, 70% of patients discontinued logging BP measurements. Figure 16 shows 

the self-recorded systolic and diastolic blood pressures over the 3-month study 

period. The median systolic BP (SD) was 132 (18), 130 (15), and 136 (20) mmHg 

for the total population, patients who were adherent at baseline, and patients who 

were non-adherent at baseline respectively. The median diastolic BP (SD) was 77 

(12), 79 (9), and 75 (12) mmHg for the total population, patients who were adherent 

at baseline, and patients who were non adherent at baseline respectively. Patients 

who were adherent at baseline had a lower median systolic BP than patients who 

were not adherent at baseline. This observation remained true over the entire 

study period. Conversely, patients who were adherent at baseline had a higher 

median diastolic BP near study enrollment, however while median diastolic BP 

decreased in both groups, by the end of the study period the median diastolic BP 
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was lower for patients who were adherent at baseline compared to those who were 

non-adherent at baseline.  

 

Figure 16. Median daily blood pressures recorded over the 3-month study period. 
Systolic blood pressure (A) and diastolic blood pressure (B). Shaded region 
represents 95% confidence interval around the median blood pressure estimate 
for total population. Blue and orange lines represent Lowess regression estimates 
for the median systolic and diastolic BPs in the non-adherent and adherent at 
baseline subgroup respectively. 

 The stationarity of the blood pressure measurement data was tested using 

the augmented Dickey-Fuller test. The null hypothesis of the augmented Dickey-

Fuller test is that the series of blood pressure measurements are non-stationary 

(i.e. the observed data has a statistically significant trend), thus observing a p-

value less than 0.05 indicates that the observed data has no significant trend. The 

p-values for the measured trends in systolic and diastolic BP’s are shown in table 

11. Outcomes from the augmented Dickey-Fuller test indicate that there were no 

significant trends in the observed long-term blood pressure measurements for any 

group. 

 

 

A. B. 
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Table 11. P-values from the Augmented Dickey-Fuller test. 

 Systolic BP Diastolic BP 

 P Value P Value 

Total Population < 0.001 < 0.001 

Adherent at Baseline 0.014 < 0.001 

Non-Adherent at Baseline 0.027 0.004 

 Linear regression was performed to assess the relationship between 

medication adherence and full lifestyle modification compliance. Adequate lifestyle 

modification compliance was defined as exercising more than twice per week, no 

smoking, no alcohol consumption, and following a low-salt diet at least 1-2 meals 

per day. These criteria were selected arbitrarily as current hypertension guidelines 

do not make recommendations regarding the level of adherence to prescribed 

lifestyle modifications. The outcomes of the regression analysis are shown in table 

12. Adequate adherence, which was defined as a CMG <0.2, was associated with 

a statically significant decrease in mean systolic BP of 15.5 mmHg, and a non-

significant decrease of 3.3 mmHg in mean diastolic BP. Compliance with combined 

lifestyle modifications was found to be associated with a non-significant decrease 

of 23.1 and 5.8 mmHg in systolic and diastolic BP respectively. 
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Table 12. Comparison of the effect of adequate adherence and combined 

lifestyle modification on long-term blood pressure. 

 Systolic BP (mmHg) Diastolic BP (mmHg) 

 Estimate SD 
Err 

P-
Value 

Estimate SD 
Err 

P-
Value 

Adequate Adherence -15.5 4.71 0.002 -3.34 2.32 0.16 

Combined Lifestyle 
Modification 
Compliance 

-23.05 14.18 0.11 -5.83 7.00 0.41 

Estimates from linear regression. Standard error (SD Err) 

Changes in the number of uncontrolled hypertensive events were assessed 

over the study period. An uncontrolled hypertensive event was defined as having 

a systolic or diastolic BP greater than the individualized BP target. Figure 17 shows 

the distribution of these events during the study period. The total study period was 

divided into 5 distinct time periods each consisting of 18 days. Over the total study 

period there were 306 uncontrolled hypertensive events. There was a decrease in 

the number of uncontrolled hypertensive events during the study. There were 140, 

73 38, 30, and 25 uncontrolled hypertensive events in periods one though five 

respectively. Chi squared test for independence found a statistically significant 

association between the time in study and the number of uncontrolled hypertensive 

events (P=0.007). The rate of uncontrolled hypertensive events, defined as the 

number of events/period divided by the total number of recorded BP 

measurements over the period, was also assessed to normalize the effect of 

patient dropout on the frequency of uncontrolled hypertensive events. A significant 

decrease was also noted in the rate of uncontrolled hypertensive events over the 

3-month study period. The mean rate of uncontrolled hypertensive events was 
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0.50, 0.48, 0.37, 0.34, and 0.33 events/recording (P < 0.001) for periods one 

through five respectively. 

 

Figure 17. Distribution of uncontrolled hypertensive events during the study. (A) 
Number of uncontrolled events during consecutive 18-day periods. (B) Rate of 
uncontrolled hypertensive events during consecutive 18-day periods. Error bar in 
(B) reflect 95% CI. P value reflects Chi squared test for independence, and logistic 
regression, panels A and B respectively. 

A. B. P = 0.007 P < 0.001 
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Figure 18. Odds of experiencing an uncontrolled hypertensive event by level of 
adherence to lifestyle modifications. Reference level was never having used 
alcohol, never having smoked, never having exercised, and never adherent to low 
salt diet for A, B, C, and D respectively. Hazard ratio (HR). 

  

 The AG model was used to examine the effect of differing levels of 

adherence to lifestyle modifications on the occurrence of an uncontrolled 

hypertensive events. Hazard ratios for varying levels of alcohol, smoking, exercise, 

and adherence to a low salt diet are shown in figure 18. AG regression found a 

A. B. 

C. 
D. 
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trend towards decreased risk of uncontrolled hypertensive events with increasing 

alcohol use. It was observed that self-reported drinking of alcohol more than once 

per day was associated, non-significantly with a 65% decrease in the likelihood of 

experiencing an uncontrolled hypertensive event compared to patients who did not 

drink alcohol. All levels of self-reported smoking were significantly associated with 

4 times increase in the risk of an uncontrolled hypertensive event. It was also 

observed that self-reported exercising between 2 – 4 and 5 times per week was 

significantly associated with a 59 and 63% decrease in the risk of experiencing an 

uncontrolled hypertensive episode respectively. Self-reported following of a low-

salt diet was associated with a trend towards decreased risk of uncontrolled 

hypertensive events compared to not following a low-salt diet. Following a low-salt 

diet every meal was significantly associated with a 72% decreased risk of 

experiencing an uncontrolled hypertensive event compared to never following a 

low-salt diet. 

Discussion 

Over the past decade several studies have attempted to demonstrate the 

impact of mobile health technologies on chronic disease state management. 

However, while most of the studies demonstrated improvement in patients’ 

medication adherence with mobile app use, some revealed no effect on disease 

control (Kang & Park, 2016; Morawski et al., 2018). These studies have limitations 

that have restricted their application in clinical use, such as the use of self-reported 

medication adherence through subjective surveys (e.g., MMAS-8), as compared 

to more objective markers of medication adherence. The study objective was to 
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determine the effectiveness of a pharmacist-designed mobile app to improve BP 

measures and medication adherence. Medication adherence was assessed by 

utilizing the CMG as an objective measure. 

In the present study, patient refill histories were tracked, quantified and 

analyzed on a spectrum to determine medication adherence using the CMG (J. F. 

Steiner & Prochazka, 1997). In the unadjusted primary analysis, patients in the 

control group were significantly less adherent to their antihypertensive therapy 

than patients in the intervention group at enrollment. During the study, both groups 

saw similar trends towards improvement in unadjusted CMG. However, after study 

completion, it was observed that patients in the control group maintained this 

improved level of medication adherence, while the median CMG among patients 

in the intervention group slightly increased. After adjusting for medication 

adherence at enrollment, a non-significant trend towards improved medication 

adherence for patients in the intervention group was observed during the study 

period. No difference between groups was observed after study completion for the 

adjusted analysis. These results suggest that the BP log may have been the more 

significant factor in driving improvements in medication adherence. 

Despite an improvement in medication adherence being observed for the 

study population, no statistically significant trend towards improvement was 

observed in systolic or diastolic BP for the total population, or the adherent/non-

adherent at baseline subgroups. Patients who were adherent at baseline had a 

lower systolic BP than those who were non-adherent at baseline, and this trend 

continued throughout the study period. This suggests that there may be a 
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difference in health behaviors between patients who were adherent at baseline, 

and those patients who were newly adherent by the study’s end, and that factors 

beyond medication adherence, may have a significant effect on long-term BP 

control. An explanation for this observation is that patients who were adherent at 

baseline benefited from what is known as the “healthy adherer effect.” The healthy 

adherer effect is a phenomenon in which patients who adhere to medication 

therapy also tend to pursue other health-seeking behaviors such as implementing 

lifestyle modifications (Y.-M. Lee et al., 2018). It is possible that patients who were 

adherent at baseline implemented lifestyle modifications at a higher rate than those 

who were non-adherent initially and became adherent over the course of the study. 

Based on linear regression estimates, adequate adherence, defined as a 

CMG < 0.2 (i.e. 80% adherent or greater) was associated with significantly lower 

systolic BP, and a strong trend towards lower diastolic BP. Similarly, implementing 

a combination of lifestyle modifications was also associated with a trend towards 

improved systolic and diastolic BP. The regression estimates suggest that the 

effect of combined lifestyle modifications on long-term BP may be greater than 

adequate adherence alone, however a larger sample size is needed to confirm this 

observation. The effect of medication adherence on the frequency of uncontrolled 

hypertensive event was also assessed. Overall, there was a significant trend 

towards decreasing uncontrolled hypertensive events during the 3-month study 

period. Likewise, there was a significant decrease in the rate of uncontrolled 

hypertensive events over the 3-month study period. This was unexpected as, 

despite a trend towards improving medication adherence, there was no change in 
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systolic or diastolic BP over the study period. It is possible that this is a result of 

selective dropout of patients from the study. It is possible that patients with a lower 

individualized BP goals ceased reporting BP measurement earlier than patients 

with easier to reach BP goals. 

The effect of differing level of lifestyle modifications on long-term BP control 

was assessed using the AG model. The AG model is a counting process model 

that generalizes the Cox proportional hazards model for recurrent events (i.e. 

events that may occur more than over in the patient’s lifetime). The AG model 

estimates the intensity of the counting process, in other words, the probability of 

an event occurring conditional on a number of specified covariates. The AG model 

estimated that patients who smoke were more than four times more likely to 

experience an uncontrolled hypertensive event compared to non-smokers. It was 

also observed that was little difference in the risk of an event regardless of whether 

the patient smoked as little as 1 – 2 packs/cans per month or as much as 5 or more 

a week. This data suggests that even limited exposure to tobacco products can 

have a significant effect on long-term BP management. In regard to the effect of 

exercise on long-term BP management, it was observed that exercising 3 – 4 times 

per month or less was not associated with any significant change in the ability of 

the patient to achieve appropriate long-term BP control. The department of Health 

and Human Services currently recommends 150 minutes of exercise weekly or at 

least 30 minutes of activity most days of the week (President’s Council on Sports, 

2012). Our data agrees with these guidelines and finds that exercise on at least a 

twice weekly basis is an effective intervention to achieve targeted BP goals. High 
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salt intake is a known risk factor for hypertension and cardiovascular disease, yet 

there is still no consensus over the benefits of salt restriction (Ha, 2014; 

Mozaffarian et al., 2014). Data in the present study suggest that eating 2 – 6 low 

sodium meals per week are adequate to significantly reduce the risk of 

uncontrolled hypertensive events with greater benefits being observed for patients 

who adhered to a low sodium diet for every meal. Finally, our study found a trend 

towards decreasing risk of uncontrolled hypertensive events with higher alcohol 

consumption. The current hypertension guidelines recommend limiting alcohol 

intake to less than one drink daily for women and less than 2 drinks daily for men 

based on several studies which have shown an increased prevalence of 

hypertension among drinkers (Grossman & Messerli, 1995; Klatsky et al., 1977; 

MacMahon et al., 1984; Yoshita et al., 2005). While the detrimental effects of 

alcohol on BP and cardiovascular health is clear for heavy drinkers, some previous 

studies have found light to moderate drinking to have a protective effect. Several 

of these studies cite the presence of a “J” or “U” curve where light drinkers were 

observed to have lower BP than non-drinkers or heavy drinkers (Djoussé & 

Gaziano, 2008; Jackson et al., 1985; Xi et al., 2017). Our results were consistent 

with the latter findings that light drinkers were less likely to experience an 

uncontrolled hypertensive event that non-drinkers. 

In conclusion, the mobile app intervention improved medication adherence 

in the overall population. Adherence behaviors persisted over the 3-month study 

period; however, no significant improvement was noted in long-term blood 

pressure. Both adherence to medication therapy and persistence to lifestyle 
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modifications were associated with an improved ability to achieve individualize 

blood pressure goals, and varying levels of persistence to recommended lifestyle 

modifications had a significant impact on the patient’s ability to achieve BP goals. 
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CHAPTER 5:  

DISCUSSION AND CONCLUSIONS 

In this work, predictive analytics were applied in support of clinical decision-

making. In chapter 2, the aim was to assess the impact of a pharmacist-led 

intervention on reducing heart failure related vs non-heart failure related 

readmissions in African American patients. The findings in our work are of 

profound significance in clinical decision-making as African American patients are 

disproportionately affected by HF, and yet remain markedly underrepresented in 

RCTs for HF. For example, African Americans made up only 15% of the study 

population in the pivotal trial supporting the use of ACEi in patients with HF 

(SOLVD Investigators et al., 1991). In the Valsartan Heart Failure Trial (Val-HeFT), 

African Americans made up only 13% of the study population (Cohn et al., 2000). 

In the Carvedilol prospective randomized cumulative survival trial 

(COPERNICUS), Metoprolol CR/XL Randomized Intervention trial in Congestive 

Heart Failure (MERIT-HF) and Eplerenone Post-Acute Myocardial Infarction Heart 

Failure Efficacy and Survival Study (EPHESUS) African Americans made up less 

than 5% of the total study population and less than 1% for the EPHESUS study 

(“Effect of metoprolol CR/XL in chronic heart failure,” 1999; Fowler, 2004; Pitt et 

al., 2003). 
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These disparities compromise the ability of clinicians to make evidence-

based decisions regarding the potential benefits and risks of these and other 

important therapies in the African American population. It also brings into question, 

the effectiveness of pharmacist-led interventions seeking to reduce readmission 

rates through the appropriate management of drug therapies. Predictive analytics 

methodologies were successful in determining that the pharmacist-led intervention 

was effective in decreasing both non-related and HF related risk of readmission in 

African American patients with HF. 

In chapter 3, we aimed to identify factors predictive of HF related versus 

non-HF related 30-day readmissions and assess the impact of these factors on 

readmission risk in African American patients with HF. This work provided 

significant support for clinical decision-making as despite numerous advances in 

the diagnosis and treatment of HF, there is still no consensus on what factors 

contribute most towards readmission in African Americans with HF. Various 

literature studies have provided evidence that the etiology and disposition of 

African American patients with HF is decidedly different than that of non-minority 

patients (Franciosa et al., 2010; Mitchell et al., 2011; Sharma et al., 2014). The 

higher proportion of comorbidities such as hypertension and diabetes, is thought 

to play a significant role in driving readmissions in the African American population, 

however, elements other than traditional clinical factors may play a part as well. In 

the Outcomes of a Prospective Trial of Intravenous Milrinone for Exacerbations of 

Chronic Heart Failure trial (OPTIME-CHF), a greater proportion of African-

Americans were found to have poorly controlled blood pressure despite the fact 
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that 75% of African Americans were receiving ACEi compared while only 68% of 

whites received such therapy (Echols et al., 2006). This suggests that commonly 

prescribed morbidity and mortality decreasing treatments may have less effect in 

the African American population, or socio-behavioral factors such as health 

literacy, mental health issues, or adherence patterns may have a significant impact 

on the management of HF in this population. Our results are consistent with 

previously published literature studies, and showed that readmission risk in our 

study population were driven by a variety of factors, with length of stay, medication 

adherence, depression, and heart attack being strongly associated with increased 

risk of non-HF related readmission, and age, ejection fraction, depression and 

renal disease being strongly associated with an increased risk of HF-related 

readmissions. 

In chapter 4, we sought to evaluate the impact of a pharmacist-designed 

mobile health application on medication adherence over time and investigated the 

association between persistence of medication adherence behaviors, lifestyle 

modification, and long-term blood pressure control. This work supported clinical 

decision-making as clinical trials rarely assess the persistence of adherence 

behaviors after intervention and evidence on the effects of adherence and lifestyle 

modifications on long-term blood pressure control are scattered and incomplete. 

Long-term blood pressure control been found to have significantly higher 

prognostic value, compared to short-term blood pressure, in predicting 

cardiovascular events such as recurrent stoke, fatal stoke and myocardial 

infarction (Mancia Giuseppe et al., 2007; Tao et al., 2017). Such evidence implies 
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that control of long-term blood pressure may be an arguably more important metric 

to gauge the effectiveness of interventions and guide the management of patients 

with hypertension. In this work, predictive analytics generated insights that were 

largely consistent with previously published literature. The pharmacist-designed 

mobile app intervention was successful in improving medication adherence, and 

the improved adherence behaviors persisted at least 3-months beyond app usage. 

However, similar to previous studies, improving adherence did not translate into a 

trend towards lower blood pressures. Instead patients who began the study with 

better adherence maintained a lower blood pressure than patients who began the 

study with poorer adherence and then achieved improved adherence through the 

intervention. Such evidence suggests that a combination of adherence and various 

lifestyle factors contribute considerably to the appropriate control of long-term 

blood pressure. 

This body of work demonstrates the utility of predictive analytics 

approaches in leveraging small data to support clinical decision-making. Such 

approaches may be used to codify potential contributors to a clinical phenomenon, 

evaluate the effect of interventions on populations of interest, or estimate the risk 

of an untoward medical event. In conclusion, predictive analytics serves as an 

invaluable tool to support evidence-based medicine through clinical research and 

facilitate clinical decision-making. 
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FUTURE DIRECTIONS 

 This work has demonstrated how small data predictive analytics can 

support clinical decision-making through the discovery of actionable insights. 

However as previously mentioned, knowledge generation alone is not the ultimate 

goal of predictive analytics. Rather, predictive analytics aims to modify clinician 

behavior through the deployment of useful decision-support tools at the point of 

care. In this work, a clinically useful model was developed to predict the risk of HF-

related readmission in a local African American population. As a future direction, 

this HF risk prediction model may be used for early identification of patients at high 

risk of HF-related readmission. Such a model would allow clinicians to potentially 

further reduce 30-day readmission rates while saving time and other valuable 

resources by targeting interventions to this high-risk population. Investigating the 

effectiveness of model-directed interventions in this local population provides an 

avenue to further explore the benefits of small data predictive analytics. 
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