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Abstract  

Title of Dissertation: Use of Machine Learning To Predict COPD Treatments and 

Exacerbations in Medicare Older Adults: A Comparison of Multiple Approaches 

 

Tham Thi Le, Doctor of Philosophy, 2021 

 

Dissertation directed by: Professor Linda Simoni-Wastila BPharm, MSPH, PhD  

 

Background: Multiple comorbidities, suboptimal adherence to maintenance medications 

(MMs), and exacerbations remain clinically important problems among older adults with 

chronic obstructive pulmonary disease (COPD). To better understand comorbidity 

profiles and to facilitate risk-based strategies for disease management, this dissertation 

quantified the prevalence and newly diagnosed rates of comorbidities, and validated 

predictive models of COPD medication non-adherence and exacerbations in the older 

Medicare population.  

Methods: Comorbidities were quantified in COPD beneficiaries and compared with 

matched non-COPD individuals using multivariable logistic regression. In a cohort of 

COPD beneficiaries with prevalent and new MM use, logistic and LASSO regressions 

were used to cross-validate the prediction of one-year non-adherence to MMs using 

different sets of predictors. A time-varying design was applied to assess improvement in 

predicting COPD exacerbations of the super learner versus component approaches 

(logistic regression, elastic net regression, random forest, gradient boosting, and neural 

network). Results: COPD beneficiaries had significantly increased odds of 40 measured 

comorbidities relative to matched non-COPD controls. The best-performing models in 

predicting MM non-adherence were those including initial MM adherence as a predictor, 



with validated Area Under the ROC Curves (AUC: 0.871-0.881). In predicting COPD 

exacerbations there were time-varying estimates of predictive accuracy and associations 

between predictors and the exacerbation outcome. Super learner performed slightly better 

(AUC: 0.650-0.761) than individual machine learning methods.  

Conclusions: Comorbidity burden is substantial and increases over time among Medicare 

older adults with COPD. Generated models achieved good and average discrimination in 

predicting COPD medication non-adherence and exacerbations, respectively. COPD 

hospitalization, oxygen supplementation, COPD treatment adherence, and numbers of 

inpatient visits were the most important predictors of COPD medication non-adherence 

and exacerbations. Super learner demonstrates a slight improvement compared to 

component methods, suggesting potential usability in augmenting prediction. Validated 

models with good discrimination can be adopted using friendly tools to optimizing 

resources for risk-based management and interventions of COPD. 
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1  Introduction  

1.1 Statement of the Problem 

Chronic obstructive pulmonary disease (COPD) is the fourth leading cause of 

morbidity and mortality in the United States.1,2 In 2015, over 16 million Americans were 

diagnosed with COPD.3,4 COPD exacerbations, an acute onset of dyspnea, cough, and 

sputum that requires a change in regular medications,5 worsen the disease’s progression, 

and impose significant health, quality-of-life, and financial burdens.6 Annually, COPD 

exacerbations result in 500,000 hospitalizations, 110,000 deaths, and $18 billion in direct 

medical costs.6,7 The burden of COPD exacerbations increases significantly in people 65 

years and older, with almost twice the prevalence compared to younger individuals.8 

To better understand determinants and inform the prevention strategies, much 

research has studied factors associated with COPD exacerbations.9-20 Documented 

predictors with the strongest associations with COPD exacerbations include 

sociodemographics, poor lung function, reduced health-related quality of life, COPD 

treatments, comorbidities and their treatments.9-20 

Regular use of COPD maintenance medications, such as beta-agonists and 

anticholinergics, is one of the strongest preventives against COPD exacerbations.17,21,22 

However, use of and adherence to maintenance medications remain suboptimal in older 

Medicare beneficiaries with COPD. Only 70% of Medicare beneficiaries with COPD use 

any maintenance medications; among these users, adherence ranges between 45% and 

60%.130,132 Non-adherence to COPD medications can lead to increased hospitalizations, 

exacerbations, medical costs, and death among COPD patients.23-29 Thus, non-adherence 
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to COPD maintenance medications and factors that contribute to non-adherence remain 

significant clinical issues in this population. 

In addition to treatment non-adherence, comorbidities play a significant role in the 

prognoses of COPD exacerbations.16-20,30 The 2017 Global Initiative for Chronic 

Obstructive Lung Disease (GOLD) identified comorbidities as essential factors in the 

assessment of COPD severity and progression.31 Comorbidities are very common among 

older adults with COPD. Approximately 90% of older adults living with COPD are 

afflicted by at least one chronic comorbid condition, and over half of these patients have 

four or more,91,95 including the most prevalent conditions such as cardiovascular diseases, 

gastrointestinal conditions, respiratory conditions, mental disorders, arthritis, and chronic 

pains.32,33 The high burden of comorbidities may result in increased risks for 

hospitalizations, exacerbations, and death.34-39 These health consequences are possible 

results through worsening respiratory depression,40 increasing inflammation,41,42 and 

reducing COPD medication adherence.43 For example, some comorbidities, such as 

cardiovascular disease or osteoporosis, share a common inflammatory pathway with 

COPD exacerbations,34 while others, like congestive heart failure, may increase the 

likelihood of respiratory depression.  

The literature also suggests associations between certain the number and certain 

type of medications used to treat comorbidities with medication adherence and 

exacerbations of COPD. For instance, polypharmacy (i.e., use of multiple medications), 

such as anticholinergic medications that are often prescribed to treat psychiatric disorders 

or Parkinson’s disease, may reduce the use of COPD maintenance medications.44 

Furthermore, some medications like opioids and psychotherapeutic drugs (i.e., 
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benzodiazepines), are associated with respiratory depression which may compromise 

COPD-related health outcomes.45-47 Published evidence also indicates that concomitant 

medication combination to treat comorbidities increase the risk for drug-drug interactions 

and result in COPD exacerbations. One such combination is the concurrent use of opioids 

(for the treatments of pain, cough, and dyspnea) and sedatives (for the treatments of 

anxiety and insomnia); both commonly prescribed to COPD patients.48  

Given the significant healthcare burdens of medication non-adherence and 

exacerbations in patients living with COPD, predictive models, which risk-stratify 

patients and examine associated factors of COPD-related outcomes, may provide useful 

tools for personalized treatment and intervention strategies. To my knowledge, I am 

unaware of recent studies that have predicted COPD medication adherence. Research has 

sought to validate the prognostic prediction of COPD exacerbations. However, prior 

prediction studies of COPD exacerbations have less than optimal accuracy and none of 

these studies were specific to Medicare older adults. 16,39,49-54 The suboptimal accuracy in 

predicting COPD exacerbation from previous studies can be related to potential issues 

such as unsound statistical methods, lack of validation, and unmeasurable 

predictors.19,55,56 Also, COPD patients are medically complex with the presence of 

multiple comorbidities and medication that are likely changing overtime.33 Studies that 

account for this medical complexity over time can potentially improve predictions and 

provide key evidence that supports individualized COPD treatments and guidelines.  

In predicting COPD exacerbations there is a growing interest in the use of 

advanced machine learning to augment predictive performance.51,53,57 Some machine 

learning algorithms, such as gradient boosting, have demonstrated better accuracy than 
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others.51,53,57 In addition, super learner, an ensemble machine learning approach that 

combines multiple, individual machine learning algorithms, has shown superiority in 

predicting other health outcomes compared to individual methods.58,59 However, the 

accuracy of the super learner method relative to individual machine learning algorithms 

in predicting COPD exacerbations remains unknown.  

The suboptimal predictive accuracy of COPD exacerbations suggests a continuing 

need for advanced methods to augment predictive performance. The primary objective of 

this dissertation is to develop and evaluate predictive models of COPD medication non-

adherence and exacerbations among Medicare older adults with COPD. Multiple sets of 

predictors were operationalized to predict COPD medication non-adherence. Also, this 

dissertation sought to augment prediction accuracy of COPD exacerbation using a time-

varying design in order to compare the performance of the super learner to individual 

machine learning algorithms.  

 

1.2 Aims and Hypotheses 

The overarching goal of this research is to better inform treatment decisions, 

management, and intervention strategies for medically complex older adults with COPD 

by developing predictive models for COPD exacerbations, focusing on comorbid 

conditions and their treatments as primary predictors of interest. The three specific study 

aims are as follows: 

Aim 1: To quantify the prevalence and newly diagnosed rates of comorbidities in 

Medicare beneficiaries with COPD. 
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This study examined the prevalence of comorbidities at COPD onset and one year 

after, and compared the prevalent comorbidities in beneficiaries with and without COPD. 

Also, we quantified the rates of newly diagnosed comorbidities in the one-year before 

and one-year after COPD onset. This study aim helps to better characterize the patterns of 

complex comorbid conditions over time in patients with COPD. 

Aim 2: To develop and validate various predictive models of non-adherence to 

COPD maintenance medications (MMs) 

Using different sets of predictors, this study developed and validated multiple 

predictive models of one-year non-adherence to COPD maintenance medications (MMs) 

in two cohorts with prevalent and new use of MMs.  

Hypothesis Aim 2: The strongest predictors of COPD treatment non-adherence 

are disease severity-related variables, comorbidities and treatments that impact the 

respiratory system (i.e., cardiovascular diseases, respiratory conditions) and psychiatric 

well-being (i.e., psychiatric disorders, substance use disorders, and chronic pain).  

Aim 3: To compare machine learning approaches in predicting COPD exacerbations 

and to examine which set of comorbidities, comorbidity treatments, and COPD 

medication adherence are the strongest predictors of COPD exacerbations. 

This time-varying study design compared super learner, an ensemble algorithm 

that combines multiple supervised machine learning algorithms aimed to improve 

prediction accuracy, with individual algorithms, including logistic regression, elastic net 

regression, gradient boosting, random forest, and neural network. This study also 

operationalized measures of the most important predictors of COPD exacerbations via the 

super learning method. 
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Hypothesis Aim 3: The super learner has greater accuracy compared to the most 

accurate individual machine learning methods. COPD severity proxy variables, COPD 

medication adherence, specific comorbidities, and comorbidity treatments that impact the 

respiratory system (i.e., cardiovascular diseases, respiratory conditions) and psychiatric 

well-being (i.e., psychiatric disorders and pain) are the strongest predictors of COPD 

exacerbations. 

The three aims of this study inform and build upon each other. Results in Aim 1 

will inform the choice of the most prevalent comorbidities for model specification of 

Aims 2 and 3. Predictors identified in Aim 2 will assist model specification in Aim 3. 

Comprehensively, the three aims provide a better understanding about the medically 

complex profiles of comorbidities in COPD patients, predictive performance of COPD 

treatment and outcomes using comorbidity-related predictors and other variables 

measured in Medicare claims. Finally, this study also illustrates the associations of the 

most important predictors with individual-level COPD medication non-adherence and 

exacerbations. 

 

1.3 Significance 

This study addresses gaps in current knowledge by providing a better 

understanding of the comorbidity patterns over time and the predictive performance of 

clinical variables measured in claims data in predicting COPD treatment and 

exacerbations. Due to the significant burdens of COPD treatment non-adherence and 

exacerbations on individuals and the health care system, improving treatment adherence 

and reducing exacerbations are central goals in managing COPD. Well-performed 
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prediction studies are significant as they can support individualized risk stratification and 

offer evidence to optimize management and prevention strategies for COPD-related 

outcomes.  

We are unaware of any predictive studies of COPD medication adherence in the 

current literature. Despite the plethora of studies on predicting COPD exacerbations, 

there is a lack of research that comprehensively examines comorbidities and their 

treatments in predicting COPD exacerbations. This study augments prior prediction 

studies by the operationalizing a time-varying approach, which incorporates changes in 

clinically relevant predictors of COPD exacerbations over time. These considerations are 

critical given the medical complexities, dynamic changes, and heterogeneity of clinical 

profiles in patients with COPD that likely impact predictive performance.  

The focus on Medicare older adults offers a unique opportunity to examine the 

effects of comorbidities in the population that is most affected by COPD. Management of 

older adults with COPD and multiple comorbidities is challenging due to potential drug-

disease and drug-drug interactions. The mismatch between the competing priorities of 

comorbidities and the disease-specific focus of clinical guidelines might result in sub-

optimal treatments and fragmented care in older adults with COPD.60 Sub-optimal care of 

multimorbid patients with COPD is partly attributed to gaps in the understanding of the 

complex relationships between comorbidities, their treatments and COPD exacerbations. 

While causal inference research of multiple comorbidities and treatments is challenging, 

well-validated predictive models, as implemented in this study, could provide an 

alternative to inform a more holistic approach regarding potential risks of and factors 

associated with COPD outcomes. 



 

8 
 

The use of machine learning approaches to improve the predictive accuracy of 

COPD exacerbations and to examine the complex relationships between COPD 

exacerbations and predictors is foundational for the continuing interest in applying 

machine learning for health outcomes prediction. Machine learning addresses the 

challenges of large and high dimensional data (i.e., data with many variables) and 

potentially improves prediction by overcoming limitations of traditional regression model 

assumptions. Assumptions about linearity or functional form specification are likely 

violated in the use of traditional regressions but not machine learning. Included machine 

learning algorithms in my study are also robust to issues such as interaction, overfitting, 

and multicollinearity. Thus, this study’s contribution to methodological advances aimed 

at augmenting the predictive accuracy of COPD exacerbations is significant. 

Validated predictive models of COPD medication non-adherence and 

exacerbations in this study are foundational for guiding individualized clinical treatment, 

behavioral interventions, and managed care strategies among Medicare beneficiaries with 

COPD. Study results also provide an explanatory basis for future causal research on the 

impacts of clinically relevant comorbidities and their treatments on the COPD population. 

The potential long-term impact of this research is to inform treatment guidelines, 

optimizing care, and expedite improvements in quality of life, healthcare utilization, and 

outcomes for medically complex older adults with COPD. 

 

  



 

9 
 

2 Background  

2.1 Burdens of COPD in Older Adults 

Chronic obstructive pulmonary disease (COPD) is a chronic disease characterized 

by progressive airway limitation and the irreversible obstruction of the lung. The main 

clinical symptoms of COPD are cough, dyspnea, sputum production, and progressive 

reduction in expiratory air.61,62 These symptoms are difficult to distinguish from 

symptoms of asthma and heart failure,63,64 which makes the diagnosis of the disease 

challenging. COPD is preventable but cannot be cured.65,66 Suboptimal management of 

COPD can lead to exacerbations, disease progression, and mortality.67 As well, low 

diagnostic accuracy might result in ineffective treatments and management because the 

underlying disease is not actual COPD.  

COPD is the fourth leading cause of mortality in the United States.3,4 Close to 16 

million Americans live with COPD.1,68-70 The exact estimate of cases is likely to be 

different as both overdiagnosis and misdiagnosis of COPD are common.71,72 The 

estimated prevalence of COPD is about 11%;73,74 however, Medicare older adults have 

higher COPD prevalence of 17%, more than twice the estimate in younger individuals.1,75  

COPD poses significant medical and economic burdens in the United States.8,76-80 

Among 300,000 death from patients living with COPD each year,76,79 150,000 are 

attributable to COPD as the underlying cause.81 In 2015, there were 1.79 million COPD-

related emergency department (ED) visits and 700,000 hospitalizations.78 Medicare 

beneficiaries are the primary source of COPD hospitalizations.8,77 Approximately 

335,000 COPD hospitalizations happen each year in this population, equivalent to an 

annual rate of 11.5 per 1,000 beneficiaries.73,82 
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Nationwide, total direct and indirect costs of COPD are almost $50 billion 

annually, of which Medicare spending accounts for over half.83 A study reported that the 

total direct medical costs related to COPD in the United States is about $8,000 per patient 

per year.84 Older Medicare beneficiaries with COPD incur an additional $20,500 in 

annual medical expenditure compared to age- and sex- matched non-COPD enrollees.85 

Average per episode spending for COPD hospitalizations and ED visits are $7,500 and 

$679, respectively.86 Literature has linked this excessive spending partly to comorbidities 

in COPD patients, such as congestive heart failure, depression, vascular disease, diabetes, 

renal disease, and cancer.85,87 

COPD exacerbations contribute significantly to the overall disease burdens of 

COPD, and are defined as “events in the natural course of the disease characterized by a 

change in the patient's baseline dyspnea, cough, and/or sputum and beyond normal day-

to-day variations, that is acute in onset and may warrant a change in regular medication in 

a patient with underlying COPD”.5 COPD exacerbations result in more than 110,000 

deaths and 500,000 hospitalizations in the United States and incur over $18 billion in 

direct medical costs annually.6,7 Thus, exacerbations are important quality measures for 

COPD treatments and interventions.88-90 Indeed, the importance of exacerbation 

prevention in the management of COPD has been highlighted in the GOLD guideline.91 

 

2.2 Multimorbidity Burdens in Older Adults 

Multimorbidity is the occurrence of two or more chronic conditions.92 The term is 

used interchangeably with comorbidity, which is defined as the occurrence of another 

chronic disease besides an index disease.92 The rapid rise of the older population has 
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significant implications for care management. Multimorbidity prevalence increases 

substantially with age;93-96 with 70% of those aged 65+ and 87% of those aged 80 or over 

have multimorbidity.97  

The major consequences of multimorbidity are functional decline,98,99 reduced 

quality of life,99,100 and mortality.99,101 As well, healthcare spending increases 

significantly with the number of co-existing conditions.96,102 Managing multimorbidity in 

older adults is necessary but challenging because of potential adverse events resulting 

from polypharmacy and drug interactions.103-105 

 Further research on the effects of multimorbidity on health outcomes is 

fundamental in order to identify opportunities to impact these burdens. In one of the few 

guiding principles of the American Geriatrics Society (AGS) Expert Panel, it is 

recommended that care providers weigh benefits and harms of multiple treatments, and 

consider interactions among treatments and comorbidities.106 The Panel emphasized the 

lack of focus on the full complexity of multiple conditions and treatments in the current 

literature. Also, the Panel recommends further research to account for all treatments and 

their effects on drug adherence and important outcomes in multimorbid older adults.  

Comorbidities present high medical and economic burdens in patients with 

COPD.107-114 The Global Initiative for Chronic Obstructive Lung Disease (GOLD) 

identified comorbidities as one of the most critical considerations in the evaluation of 

COPD severity and progression.31  

The high burdens associated with comorbidities in COPD patients have been 

quantified in multiple studies. A study of a large Medicaid sample with COPD indicated 

ED visits unrelated to COPD were more common than visits for COPD.114 Another study 
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that consisted a of hospital discharge population found approximately 80% of 

hospitalizations in COPD patients were non-COPD related.115  

Many studies have found comorbidities predict adverse clinical outcomes and 

mortality in patients with COPD.34-37,39 Indeed, mortality risks increase in COPD patients 

with comorbid diabetes, cardiovascular, gastrointestinal, pulmonary, oncologic, 

endocrine, psychiatric conditions, and thoracic malignancies.37,115-118 In addition, 

comorbidities predict COPD-related exacerbations and hospitalizations.32,110,117,119 For 

example, Terzano et al. found dyspnea and diabetes were the strongest predictors of 

COPD-related hospitalizations.117 

Substantial economic burdens of comorbidities in Medicare and other populations 

with COPD have been published in current literature.114,120,121 The medical cost of 

exacerbations was four times higher among COPD patients with at least one comorbidity 

versus patients without any comorbidity.122 In a literature review of 12 studies, Huber and 

colleagues found that comorbidities, on average, were associated with double the amount 

of spending in COPD patients.123 In addition, an analysis of large commercial 

administrative claims reported that average all-cause total healthcare costs during 360 

days after following COPD diagnosis were highest for individuals with chronic kidney 

disease ($41,288) and anemia ($38,870).34 

In Medicare beneficiaries with COPD, Schwab et al. found that congestive heart 

failure, sleep apnea, anxiety, and osteoporosis were predictors of higher COPD-related 

costs,121 while cerebrovascular, chronic kidney disease, obesity, osteoarthritis, and type 2 

diabetes were associated with lower COPD-related costs.121 These medical and economic 



 

13 
 

burdens of comorbidities in older adults with COPD warrant additional investigation to 

quantify comorbidity impacts on COPD outcomes. 

 

2.3 Prevalence and Incidence of Comorbidities in Older Adults with 

COPD  

COPD is not considered a disease of only the lung.124 Many patients with COPD 

have systematic manifestations such as systemic inflammation and cardiovascular 

compromise, leading to a higher prevalence of symptoms and comorbidities (e.g., the 

presence of one or more chronic conditions besides COPD as an index disease).41,42 

Comorbidities are more common in older adults due to their frailty,95,96 but COPD itself 

is an independent factor of multimorbidity (e.g. the presence of two or more chronic 

conditions in a patients).125-127 For example, compared to non-COPD individuals, COPD 

patients aged 45 or older had about twice the prevalence of coexisting cancer and 

cardiovascular disease, and one and a half times higher prevalence of arthritis and 

depression.128 Associations between comorbidities and COPD are explained by a number 

of mechanisms, including sharing of the same risk factors (i.e., smoking)33,42 and sharing 

similar systemic inflammatory and oxidative stress pathways during severe and 

exacerbation phases of COPD.33,127,129,130  

Documented prevalence of at least one comorbidity in patients with COPD varies 

between 73% and 97%.131-134,69,120,128,135 This variation is due to multiple factors, such as 

differences in data sources, COPD case definition (i.e., claims data versus clinical 

laboratory data), comorbidity definition (i.e., with or without acute bronchitis), measured 

time intervals, and age group.132,136 More than 50% of COPD patients have four or more 
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comorbidities.120,125,131 In Medicare beneficiaries with COPD, Schwab et al. estimated 

that 92% of those aged 40-89 incurred at least one comorbidity.121  

There has been a rich body of literature that identifies the prevalence of 

comorbidities in patients living with COPD.35,121,137-139 The most common comorbidities 

in COPD patients are cardiovascular diseases (atherosclerosis 53%, hypertension 40-

48%, coronary heart disease 14-34%), respiratory-related conditions (bronchiectasis 57%, 

pulmonary hypertension 50%, asthma 47%, lung cancer 9%, and sleep apnea 8%),1,140,141 

gastroesophageal reflux disease (GERD) (37% to 78%) , osteoporosis (21-66%), 

metabolic syndrome (21-57%), depression (17-42%), and anemia (7-44%).32,33  

Evidence on the prevalence of comorbidities among Medicare COPD 

beneficiaries in literature remains limited.121 Using nationally representative Medicare 

claims, Schwab and colleagues found that coronary heart disease were the most common 

comorbidity (48%), followed by osteoporosis (44%), diabetes (41%), congestive heart 

failure (28%), cerebrovascular disease (28%), and depression (27%) in beneficiaries with 

COPD.121 This study, however, used older data and was limited to only 11 comorbidities 

in COPD beneficiaries aged 40-89.121 Expansion of this study with more clinically 

conditions focusing on COPD patients with older age is necessary given their increased 

comorbid burden compared to younger patients. 

Our understanding about the patterns of comorbidities over the course of COPD 

progression in older Medicare beneficiaries remains limited. For example, one study 

using Medicare data 1993-1999 by Tenyi et al. divided comorbidities in COPD patients 

into three groups: (1) conditions with higher incidence after COPD diagnosis (i.e., 

digestive conditions, renal diseases, endocrine diseases, nutrition diseases, liver disease, 
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circulation disorders, and malignancies of lower respiratory tract); (2) conditions with 

higher incidence before COPD diagnosis (i.e., cardiovascular disease); and (3) conditions 

with no significant difference of incidence before and after COPD (i.e., psychiatric 

disorders, respiratory disease, bone and cartilage disorders, substance use disorders, and 

upper respiratory tract malignancies).142 Thus, the time point relevant to the first 

diagnosis of COPD is important when quantifying prevalence of comorbidities in COPD 

patients.  

Previous studies have documented possible causal links between COPD 

comorbidities and some condition such as asthma and cardiovascular disease.41 Thus, 

new diagnoses of these conditions are expected over time. Cumulative incidence143 or 

hazard ratios (comparing COPD patients with matched non-COPD individuals)143,144 of 

specific comorbidities, such as stroke and diabetes, have been assessed in several studies. 

We remain unaware of any studies that report newly diagnosed rates of comorbidities in 

COPD patients. 

 

2.4 Factors Influencing Adherence to COPD Maintenance 

Medications  

COPD maintenance medications improve quality of life and reduce COPD 

exacerbations, hospitalizations, and deaths.23,24,31,145,146 Maintenance medications are also 

cost-effective treatments for COPD.147-150 The GOLD, European Respiratory Society 

(ERS), and American Thoracic Society (ATS) recommend regular use of maintenance 

medications, even in patients with stable COPD.151 Suboptimal treatment of COPD with 
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maintenance medications can lead to exacerbations, increased costs of care, and 

death.25,27-29,152-157  

Multiple factors are associated with COPD treatment adherence including age, 

socioeconomic status, smoking, poor lung function, comorbidities, and number of 

concomitant treatments.44,153,158-163 Older age is a predictor of increased non-adherence to 

COPD treatments.44,153,158 As well, low socioeconomic status (e.g., education, race, 

income) are found to reduced adherence to COPD therapy.160,163 Literature also links 

poor lung function, such as low forced expiratory volume in one second (FEV1) or severe 

COPD, with COPD treatment non-adherence.44,158,161,162  

Published evidence has documented the relationships between certain 

comorbidities and non-adherence to COPD maintenance medications.43,44,163-166 Ajmera 

et al. found that selected physical multimorbidities (i.e., arthritis, cardiovascular disease, 

diabetes, hypertension, hyperlipidemia, and osteoporosis) and psychiatric 

multimorbidities (i.e., depression, anxiety, schizophrenia, and bipolar disorder) were risk 

factors for reduced use of COPD medications.43 In a national U.S survey of COPD 

patients, comorbid cardiovascular disease was the strongest factor for reduced 

bronchodilator use (i.e., β2-agonists, anticholinergics, methylxanthines, alone or in 

combination) in COPD patients.164 Conversely, COPD patients with comorbid asthma 

and other respiratory conditions are more likely to use bronchodilators.167  

The using of multiple comorbid conditions in statistical models is sometime 

burdensome. A few comorbidities scores have been created to summarize these comorbid 

conditions. For example, studies used the Charlson Comorbidity Index (CCI) and found 

that higher scores predict less COPD medication use.44,163,165 However, the use 
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comorbidity scores removes the ability to examine associations of individual comorbid 

conditions with COPD treatment adherence. 

In patients with multiple medications, interactions of these medications among 

themselves or with other comorbidities can affect use of or non-adherence to COPD 

medications.113,166,168-171 In COPD patients, studies found that non-adherence to 

cardiovascular-related drugs (beta-blockers, antihypertensives, statins, anticoagulants, 

calcium channel blockers, insulins, and diuretics), antidepressants, and bisphosphonates 

were associated with non-adherence to COPD treatment.172 A few studies found 

polypharmacy (use of ≥ 5 medications) predicts higher adherence in older adults with 

COPD compared to those without polypharmacy.173,174 These studies contradict other 

literature that has found that a greater number of concurrent treatments predicts lower 

adherence or discontinuation to COPD medications.44,153,165,175 Thus, a more 

comprehensive examination of multiple individual treatments’ associations on adherence 

to COPD medications may be more useful than using polypharmacy scores. 

In the Medicare population, studies indicate poor adherence to COPD 

maintenance medications.28,155,176-178 About 70% of Medicare beneficiaries use any 

COPD medication and the average proportion of adhered users to COPD medications is 

less than 60%.28,172,178,179 However, research to identify predictors of suboptimal 

adherence to COPD medications in this population remains understudied. We are aware 

of two studies in Medicare beneficiaries that found depression, cardiovascular disease, 

diabetes, and rheumatoid arthritis significantly decreased COPD maintenance medication 

adherence, while asthma increased adherence to COPD treatments.174,180 However, these 



 

18 
 

studies focused on depression and depression treatments, and overlooked the 

contributions of individual treatments for other comorbidities. 

Finally, we are not aware of well-validated prediction studies of COPD treatment 

adherence in Medicare older beneficiaries, despite the high burden of treatment non-

adherence in this population.44 Prediction studies estimate absolute risk for being 

treatment non-adherence in the future, which may provide important personalized 

insights for treatment and intervention plans to improve adherence in the COPD 

population.  

 

2.5 Factors Influencing COPD Exacerbations 

A sizable body of research has identified predictors of COPD exacerbations, 

including sex, dyspnea, low health status, poor health-related quality of life, lung 

function, prior exacerbations, comorbidities, COPD treatments, and other treatments.9-20 

Some validated risk indices using clinical variables, such as DOSE, BODEx, and 

SCOPEX, also show relatively good prediction of COPD exacerbations.181-183 The DOSE 

index uses variables such as dyspnea, airflow obstruction, smoking status, and previous 

exacerbation.181 Predictors in the BODEx include BMI, airflow obstruction, dyspnea, and 

exercise capacity.183 The SCOPEX index consists of sex, number of COPD maintenance 

medications, previous exacerbations, airflow obstruction, and reliever use.182 Some 

clinical variables used in these indices are difficult to obtain, particularly in claims data; 

thus, accessibility is a main drawback of these clinical indices. 

Although COPD maintenance medications are important in preventing 

exacerbations, few studies have accounted for COPD medication adherence in their 
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prediction studies.17,21,22 Tran and colleagues found treatments with maintenance 

medications at baseline associated with 50% reduction in all-cause COPD readmission 

within 6-month follow-up.21 However, in a Medicare study, Bishwakarma et al. did not 

find long-acting bronchodilators (i.e., long-acting muscarinic antagonist (LAMA) and 

long-acting beta 2 agonists (LABA)) used with or without corticosteroids to be predictive 

of 30-day readmission of COPD.22 More work is necessary to better understand the 

predictive impacts of COPD maintenance treatments in combination with other factors on 

future exacerbations. 

Besides COPD medication adherence, previous literature indicates that some 

comorbidities and their treatments play essential roles in the prediction of COPD 

exacerbations.16-20,30 Indeed, evidence suggests that the most important comorbidities 

associated with increased risks of COPD exacerbations include cardiovascular disease, 

asthma, mental disorders, and substance disorders, GERD, and arthritis.15-17,19,30,108,110,184-

191 Comorbidity indices, such as the Charlson, Elixhauser, and Johns Hopkins’ 

Aggregated Diagnosis Groups, are also commonly used to assess exacerbation 

risks.16,186,188,189 However, none of these studies incorporate changes of comorbidities 

over time when predicting COPD exacerbations. 

A few studies have looked at the relationships between some treatments for 

comorbid conditions and COPD exacerbations, such as beta-blockers, statins, and 

psychotherapeutic drugs. Although findings are inconsistent, the majority of these studies 

indicated potential reduction of COPD exacerbations when COPD patients use beta-

blockers, a common drug to treat cardiovascular diseases.140,190,192-196 Statins, used for 

hyperlipidemia, also are associated with improved exacerbation outcome in some 
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observational studies,105,197-199 although the association was not found in clinical trial 

data.200 As well, testosterone replacement therapy was found to lower risks of COPD 

exacerbations in male COPD patients,201 but the effect was not seen in female COPD 

patients with hormone therapy.202 Other drug classes that are associated with lower 

COPD-related exacerbations include antidiabetics and antihypertensives.203,204  

Some drug classes with potential depressive effects on respiratory function may 

increase the risk of COPD exacerbations.205,206 For example, cholinesterase inhibitors that 

treat dementia, a highly prevalent condition in older adults, might increase the risks of 

COPD exacerbations.207,208 Psychotherapeutic medications, such as opioids, 

benzodiazepines, and antidepressants, are linked to poor COPD exacerbation risks.45-47 

Increased COPD exacerbations because of drug-drug interactions also have been 

identified in previous literature.113,209 For instance, concomitant use of opioids and 

sedatives is associated with increased respiratory events that exacerbate COPD.48 

To accurately predict COPD exacerbations is challenging because of the medical 

complexity of COPD patients due to their comorbidities and treatments.9,39,118,119 

Previous predictive studies of COPD exacerbations often have low performance. This 

issue can be related to statistical methods, lack of validation, lack of predictors, or 

predictor measurement.19,55,56 For example, in a large cohort of commercially insured 

patients with COPD in the United States, the logistic regression model had the sensitivity 

of only 42% and specificity of 80% to predict COPD exacerbations.17 A review study of 

current prediction models for COPD exacerbations indicates that there is a high risk of 

bias in these models due to statistical methods and lack of validation.9 Taking together 

the potential effects of all factors on COPD exacerbations, it is important that prediction 
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of COPD exacerbations accounts for the complexity of clinical profiles as well as the 

dynamic changes of important predictor in predicting COPD exacerbations. 

 

2.6 Machine Learning Introduction 

2.6.1 Machine Learning Definition 

Machine learning is broadly defined as computational programs that “learn” to 

perform tasks or make decisions from data.210 In the context of statistical machine 

learning, “learn” refers to the process used to identify model parameters using a given 

training dataset. A machine learning algorithm is a basic form of statistical or 

computational process to express relationships between variables. In a close concept, a 

machine learning model is a more formal description of the variables included in one 

specific algorithm.  

In healthcare settings, machine learning could be used to uncover latent 

associations, or to create descriptive, predictive, and diagnostic models of outcomes.211 

Although machine learning is primarily used for prediction in healthcare research, causal 

inference methods, such as targeted learning212 or propensity score,213 have been created 

using machine learning algorithms.  

For prediction models of health outcomes, the main advantages of machine 

learning algorithms are: 1) They do not require pre-specification of a model structure; 2) 

They are non-parametric models, and may avoid the potential violation of functional 

forms in models such as logistic regression and generalized linear; 3) They can predict 

better in case of non-linearity and interaction (heterogeneity of effects) among variables; 
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4) They can include a large number of predictors (e.g., high dimensional data); and 5) 

Some algorithms can handle collinear predictors.214 

There are multiple machine learning algorithms. A popular way to categorize 

these algorithms is to divide them into supervised learning, un-supervised learning, and 

reinforcement learning. This study focuses on supervised learning algorithms which were 

used in Aims 2 and 3.  

Supervised learning are algorithms used to identify the relationship between 

dependent and independent variables using datasets with outcome variables.215 The main 

goals of supervised learning are to predict or classify outcomes, or to examine 

associations between predictors and outcomes. When the outcome variable is numeric, 

the supervised learning tasks are regression. If the outcome variable is categorical, the 

supervised learning tasks are called classification problems. Most used supervised 

learning algorithms are regression, Naïve Bayes, K-nearest neighbor (K-NN), decision 

tree, random forest neural network, and deep learning. These algorithms are different in 

their underlying mathematical computation or methods to identify model parameters. 

Random forest, neural network, or deep learning may improve prediction accuracy 

compared to the other algorithms; however, these models lose the ability to interpret the 

relationship between predictors and the outcome. 

Un-supervised machine learning is used to analyze datasets without an outcome 

variable.215 The main tasks of unsupervised machine learning are to understand 

relationships between independent variables and to uncover hidden structures in the data. 

These tasks are implemented by clustering or reducing dimensionality of the data. 

Examples of clustering algorithms are k-mean and hierarchical clustering. Dimensional 
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reduction algorithms that are commonly used include principal component analysis and 

factor analysis. 

Reinforcement learning is a computational framework for an active agent to learn 

behaviors based on a scalar reward signal. The agent can be an animal, a human, or an 

artificial system such as a robot or a computer program. The reward can be food, water, 

money, or whatever measure of the performance of the agent. The standard theory of 

reinforcement learning is defined for a Markov decision process (MDP), where the action 

of an agent determines the state transition probability P(new state | state, action) and 

reward probability P(reward | state, action).216 

 

2.6.2 Cross-Validation  

Cross-validation is employed in the setting of prediction studies to evaluate the 

model validity and generalizability. The goal of cross-validation is to evaluate how 

findings of a prediction model generalize to another independent set of data.217 In 

practice, this approach is often implemented by interval validation, meaning the partition 

the original dataset into two datasets to generate predictive models and to test their 

prediction accuracy. There are three cross-validation methods: 1) leave-one-out, 2) hold-

out, and 3) k-fold cross-validation.217 

The leave-one-out method keeps one random observation for validating models 

and uses the rest of the data for model generating. Prediction accuracy is estimated after 

each time an observation is left out, and average model accuracy is estimated for 

prediction of all observations. Another method called leave-p-out is similar to leave-one-

out in which p observations are left out for validation.  
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In the hold-out method, the original dataset is randomly split into two datasets: 

one is used to build the model (the training set); the other data (the validation set) is used 

to validate the model accuracy. It requires more data to build the model; thus, the training 

set usually takes 70-80% observations of the original dataset.  

K-fold cross-validation divides the original data into k subsets (Figure 1). In 

practice, k=5 or k=10 are proved to be adequate.217 For example, 10-fold cross validation 

divides the dataset into 10 sub-groups for using in 10 iterations of cross-validation. At 

each iteration, nine groups are selected into the training set to build the model, and one 

group is selected into the validation set. The final accuracy estimate of the prediction 

model is the average of 10 models in each iteration.  

 

Figure 1. K-fold Cross-Validation 

 

 

2.6.3 Evaluation of Prediction Models Using Supervised Machine 

Learning 

Methods to evaluate supervised learning algorithms depending on whether the 

task is classification or regression. This section focuses on the evaluation of the 
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classification problem, i.e., for prediction models with categorical outcomes. For all 

supervised learning algorithms, these prediction models generate the predicted 

probability of having an outcome for each observation or individual. Using these 

probabilities, two main metrics are called discrimination and calibration could be used to 

evaluate the prediction accuracy.218  

Discrimination is the ability to distinguish positive from negative outcomes; for 

example, having a COPD exacerbation or not.218 The discrimination of a machine 

learning model could be estimated using the Area under the receiver operating 

characteristic (ROC) curve (AUC). 

AUC is the probability that a model, among two individuals with and without 

event, can correctly classify the individual with event as having higher predicted 

probability (Figure 2).219 AUC is less than 1.0 and a model with higher AUC indicates 

better prediction accuracy, whereas AUC of 0.5 indicating no predicted values. 

 

 

Figure 2. An Example of ROC Curve 
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For binary outcomes, predictive models can also be evaluated by comparing 

predicted classification in the model with the observed outcomes in the validation set. 

Different prediction metrics can be calculated, such as sensitivity, specificity, positive 

predictive value, negative predictive value, and accuracy ratio (Table 1).218 

Calibration measures how well the probabilities generated by a prediction model 

agrees with the observed probabilities in the actual population of interest. Calibration can 

be examined by a plot with one axis as predicted probabilities and one axis as observed 

probabilities of outcome. 

 

          Table 1 Confusion Matrix to Evaluate Prediction Models 

 
Observed Outcomes 

 
Yes No 

Predicted 

Outcomes 

Yes a b Positive Predictive Value a/(a+b) 

No c d Negative Predictive Value d/(c+d) 

 
Sensitivity Specificity 

Accuracy Ratio=(a+d)/(a+b+c+d) 
a/(a+c) d/(b+d) 

 

 

2.6.4 Individual Machine Learning Approach 

Elastic Net Regression  

Elastic net regression is a regularized regression that bridges the Ridge regression 

and least absolute shrinkage and selection operator (LASSO). The combination of Ridge 

and LASSO performs feature selection and handles multicollinearity issue within the 

dataset, which are important characteristics for analyzing datasets with large numbers of 
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predictors.220 Ridge regression penalizes (add a weight to reduce to impact of) sum of 

squared coefficients (L2 penalty). LASSO regression penalizes the sum of absolute 

values of the coefficients (L1 penalty). Elastic net is models that include both L1 and L2 

penalizes. 

 

 

 

Random Forest 

Random forest is an ensemble machine learning algorithm that combines multiple 

decision trees into one model. First, n bootstrap samples are drawn from the original data 

set. Then, for each of the bootstrap sample, a classification tree will be created: rather 

than choosing the best split using all predictors, the algorithm chooses the best split using 

a random subset of the predictors. Finally, an aggregating of the n trees is generated using 

the majority votes or average probability for classification.221 The advantages of the 

random forest are the high accuracy performance and the ability for handling a large 

amount of independent variables. However, the interpretability of decision tree models is 

lost in random forest models. 

Gradient Boosting (XGBoost) 

Gradient Boosting algorithm constructs addictive regressions models by 

sequentially fitting a simple parametric model (base learner) to current “pseudo”-
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residuals by least squares at each iteration.222,223 The pseudo-residuals are the gradient of 

the loss functional being minimized, with respect to the model values at each training 

data point evaluated at the current step. At each iteration a subsample of the training data 

is drawn at random (without replacement) from the full training data set. This random 

subsample is then used to fit the base learner and compute the model update for the 

current iteration. Gradient Boosting algorithm consecutively fits many new models to 

provide a more accurate estimate of the response variable. 

Neural Network (NN) 

Neural networks are the algorithm represented by a collection of simple 

computational units interlinked by a system of connections.224 The neural network model 

is inspired by the biological nervous system in the human brain, where associations 

between input and outcome variables are examined through a network of nodes and 

hidden layers (Figure 3). The simplest form of neural network models is a perceptron, 

which has no hidden layers. A perceptron consists of four parts: input variables 

(predictors), weights, weighted sum, and activation functions. Multiple perceptrons 

(Figure 4) generate a full neural network model. A neural network model with multiple 

hidden payers is a deep learning model. 

The weighted sum is simply a multiple linear model of all input variables. 

Activation functions could be a Step, Sigmoid (logistic), or other functions that estimate 

the association between the weighted sum with the output of a perceptron, which could 

be a hidden node or the final outcomes of interest.  
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Figure 3 An example of neural network model 

 

 

Figure 4 Perceptron example 

 

The activation function is the component that turns the association of input and 

outcome variables into a non-linear nature. The neural network model often uses the 

backpropagation algorithm to identify the weight of each arrow in the hidden layers. This 

algorithm is an iterative process that adjusts weights in the network based on the error 

terms (the loss functions). 
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Neural network models have a number of advantages including the high accuracy, 

avoiding distribution assumption, ability to implicitly examine complex nonlinear 

relationships between dependent and independent variables, and ability to account for 

possible interactions between predictor variables. However, the model is a “black-box”, 

and thus, is difficult to interpret. 

 

2.6.5 Super Learner 

Super learner is an ensemble supervised learning algorithm that combines 

multiple supervised machine learning algorithms to create weighted estimates. This data-

driven approach can avoid potential violations of assumptions in classical regression 

models about functional forms, linearity, additivity, and interactions.225  

Super learner uses cross-validation to select optimal weights to combine the initial 

set of algorithms. A detailed description and mathematical functions used to select 

optimal weights for the super learner are described by Van Der Lan and Polley.226 A brief 

summary of these descriptions follows: (1) fit each included algorithm on the entire 

original dataset to estimate predicted probability weights for each observation; (2) split 

the data set into a training and validation sample using k-fold cross-validation; (3) for the 

kth fold, fit each algorithm on the training and validation sample; (4) stack the prediction 

estimates of each algorithm from step (1) and step (3) to create a matrix; (5) propose a 

family of weighted combinations of the candidate estimators; and (6) determine 

parameters of weight matrix that minimize the cross-validation risk of the candidate 

algorithm (i.e., AUC or mean squared error), and incorporate these findings for final 

super learner model fit. 
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The set of candidate algorithms in super learning models can be customized from 

the library. Under reasonable constraints, super learner is guaranteed to perform 

asymptotically as well as the best performing model included in the candidate set.226,227 

This is the major advantage of the super learner over single supervised learning 

algorithms, as it requires no specific condition compared to a specific algorithm, and still 

provides equivalent performance to the best algorithm.  

 

2.6.6 Variable Importance Measure (VIM) Using Super Learner 

Variable importance measures (VIM) are used in prediction studies to rank the 

contribution of each predictor in predicting outcomes. There are multiple approaches to 

estimate VIM, depending on machine learning algorithms. For example, in a logistic 

regression model, odds ratio or beta coefficient (and their confident intervals) could be 

used as one of variable importance measures. 

This study applies an approach to measure VIM for super learner models 

developed by Hubbard and colleagues.58 In this approach, VIM is a parameter that 

represents the difference in predicted values for each unit change of a predictor (e.g., 1 

versus 0). VIM uses the targeted maximum likelihood estimation (TMLE) within super 

learner algorithm to determine the importance of each variable in predicting outcomes.58 

VIM are the parameters that measure the importance of a variable in considering other 

predictors, but without pre-specifying a causal model.58,226  

Each predictor is analyzed using TMLE as though it were a primary exposure, 

with all other predictors serving as adjustment variables in the super learner models. 

Maximum likelihood estimation is an approach that minimizes a global measure to 
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evaluate a model, such as mean squared error (MSE). Targeted maximum likelihood 

estimation targets the MSE estimate of the parameter of interest in a way that reduces 

bias.228 It is also possible to estimate confident intervals of VIM using bootstrap-

sampling.229 
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3 Conceptual Framework  

 

Andersen’s Behavioral Model of Health Services was adapted as the conceptual 

framework to guide this study (Figure 5). This model suggests that contextual 

environmental and individual factors might predispose, enable, or draw need for use of 

health services in patients with COPD, including prescriptions for COPD maintenance 

medications. Individual factors include the clinical and sociodemographic factors, as well 

as perceptions about medical needs attributable to COPD or overall health status. 

Prescriber factors consist of the specialty, practice routine, clinical experience, cost of 

medications, insurance regulations, and prescribing incentives. Environmental factors 

broadly include laws and regulations that affect prescribing, access to healthcare, and 

insurance policies. It is important to control for these factors when examining predictors 

of COPD medication use.  

Additionally, Andersen’s Behavioral Model of Health Services suggests COPD-

related respiratory outcomes are influenced by both individual and environment 

characteristics and the use of health services such as COPD medications. Thus, the 

models to predict COPD exacerbations and respiratory outcomes would encompass all 

these factors. 
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Figure 5 Conceptual Framework of COPD Medication Use and Outcomes 



 

35 
 

4 Aim 1: Prevalence and Newly Diagnosed Rates of 
Comorbidities in Older Medicare Beneficiaries with COPD  

4.1 Abstract  

Few studies have quantified the comorbidity burden in older adults with chronic 

obstructive pulmonary disease (COPD) using large and generalizable data. Such evidence 

is essential to inform evidence-based research, clinical care, and resource allocation. This 

retrospective cohort study used a nationally representative sample of Medicare 

beneficiaries aged 65 years or older with COPD and 1:1 matched (on age, sex, and race) 

non-COPD beneficiaries to: 1) quantify the prevalence of comorbidities at COPD onset 

and one-year later; 2) quantify the rates [per 100 person-years (PY)] of newly diagnosed 

comorbidities during in the year prior to and in the year following COPD onset; and 3) 

compare comorbidity prevalence in beneficiaries with and without COPD. Among 

739,118 eligible beneficiaries with and without COPD, the average number of 

comorbidities was 10.0 (SD=4.7) and 1.0 (SD=3.3), respectively. The most prevalent 

comorbidities at COPD onset and at one-year after, respectively, were hypertension 

(70.8% and 80.2%), hyperlipidemia (52.2% and 64.8%), anemia (42.1% and 52.0%), 

arthritis (39.8% and 47.7%), and congestive heart failure (CHF) (31.3% and 38.8%). 

Conditions with the highest newly diagnosed rates before and following COPD onset, 

respectively, included hypertension (39.8 and 32.3 per 100 PY), hyperlipidemia (22.8 and 

27.6), anemia (17.8 and 20.3), CHF (16.2 and 13.2), and arthritis (12.9 and 13.2). COPD 

was significantly associated with increased odds of all measured comorbidities relative to 

non-COPD controls. This study updates existing literature with more current, 
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generalizable findings of the substantial comorbidity burden in medically complex older 

adults with COPD- necessary to inform patient-centered, multidimensional care. 

 

4.2 Introduction  

As adults age they face an increased burden of comorbidities; indeed, seven out of 

ten Medicare beneficiaries live with at least two chronic conditions.94,230 Chronic 

obstructive pulmonary disease (COPD) is a medical condition associated with 

development of multiple chronic  comorbidities.33,138 About 70% of COPD patients under 

65 years of age experience at least one comorbidity; in older patients with COPD the 

presence of one or more comorbidities increases to more than 90%.230 Patients living with 

COPD are about two times more likely to be diagnosed with cancer, cardiovascular 

disease, arthritis, or depression than those living without COPD.128 

Comorbidities exert a considerable impact on quality of life and health outcomes 

in COPD patients.34,118,187,231,232 Comorbidities increase the complexity of medication 

regimens and their treatments may affect the effectiveness of COPD therapeutic 

treatments.168,233 Comorbidities are associated with increased COPD exacerbations,234 

hospitalizations,231 medical costs,34,121 and mortality,118 many of which may be 

preventable with proper medical and medication management.  

Quantifying the comorbidity burden of patients living with COPD using 

generalizable data is useful to support evidence-based research, inform guidelines, 

optimize clinical care, and inform resources allocation for COPD management. Yet, 

despite the relatively extensive literature on COPD comorbidity burden, most studies are 

limited by small sample sizes and few comorbid conditions,35,121,128,139,142,235-240 not 



 

37 
 

generalizable to the US practice, 34,35,121,128,142,238-241 and few studies have looked at older 

COPD patients.121,142 To our knowledge, only a single study has provided prevalence 

estimates of 11 comorbidities in older Medicare beneficiaries with COPD,121 including 

coronary heart disease (48%), osteoporosis (44%), diabetes (41%), congestive heart 

failure (28%), cerebrovascular disease (28%), and depression (27%). This study utilized 

older Medicare claims data and did not provide a comparison with non-COPD 

controls.121 Thus, it was unable to associate the comorbidity burden to COPD in this 

study.  

Since some comorbidities may have causal links with COPD,41 evidence 

providing newly diagnosed rates is crucial to understand the evolving patterns of 

comorbidities near COPD diagnoses. A few studies have documented cumulative 

incidence143 or hazard ratios (comparing COPD patients with matched non-COPD 

individuals)143,144 of specific comorbidities in COPD patients, such as stroke and 

diabetes. We remain unaware of any studies that have quantified newly diagnosed rates 

of comorbidities in COPD patients.   

To address many of the knowledge gaps raised above, this study uses a nationally 

representative sample of Medicare enrollees to quantify prevalence, newly diagnosed 

rates, and co-occurrence of comorbidities among adults aged 65 and older with COPD. 

We also compared prevalence estimates of comorbidities among COPD beneficiaries 

with matched non-COPD individuals.  

 

4.3 Methods 

Study Population and Design 
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This retrospective cohort study utilized a 5% nationally representative sample of 

Medicare Fee-for-Service beneficiaries in the Chronic Condition Data Warehouse (CCW) 

database enrolled between January 1st, 2006 and December 31st, 2015. Within the CCW, 

we utilized the Master Beneficiary Summary Files (MBSF) that recorded the date of first 

diagnosis for chronic conditions using Medicare claims beginning January 1st, 1999- the 

earliest date these data are captured by the Centers for Medicare and Medicaid Services 

(CMS).  

The COPD group included beneficiaries 65 years and older with a COPD 

diagnosis before January 1st, 2015. COPD beneficiaries were matched 1:1 on age (precise 

age with +1/-1 differences), sex, and race with non-COPD controls. Date of COPD onset 

was identified from the MBSF, defined using International Classification of Diseases, 9th 

revision (ICD-9) codes (490, 491.1, 492.x, 494.x, and 496.x).126 Diagnoses for COPD 

required at least one ICD-9-CM code in an inpatient, home health agency, hospice, or 

skilled nursing facility setting or at least two diagnosis codes in outpatient or physician 

visits. The date of the initial COPD diagnosis was identified and confirmed by CMS 

using a one-year wash-out period, ensuring a lack of other prior COPD diagnoses.242 

Comorbidity Measures 

The three primary outcomes of interest were: 1) prevalence of comorbidities, 

defined at COPD onset and 12 months later; 2) newly-diagnosed rates [per 100 person-

years (PY)] of comorbidities, observed 12 months before and following COPD onset; and 

3) co-occurrence of comorbidities in patients with and without COPD. For comorbidity 

measures, we used flags for first diagnoses of chronic conditions within the MBSF to 

identify 40 chronic comorbidities (see Table 2) deemed clinically or biologically relevant 
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based on previous literature.33,42,110,142,143,231,238-240,243,244 Similar to the identification of 

COPD diagnoses, the initial diagnosis of these additional, chronic conditions identified 

by CMS using Medicare claims from January 1st, 1999, onward. Algorithms and ICD-9-

CM codes utilized to identify these conditions are published by CMS.242  

Comorbidities Prevalence 

Comorbidity prevalence for the two groups with and without COPD was 

estimated at two time points: 1) the onset of COPD; and 2) one-year after COPD onset or 

at date of death, whichever came first. The look-back period to measure prevalence was 

January 1st, 1999, or the date of initial Medicare enrollment, whichever came later. The 

date of COPD onset was used as the index date for the matched beneficiaries without 

COPD. Prevalence of individual comorbidities was reported as the percentage of 

individuals diagnosed with a condition before the defined time points (COPD onset and 

12 months later). For prevalence calculations, the denominator included all eligible 

beneficiaries for each group (COPD and controls).  

Rates of Newly Diagnosed Comorbidities 

Rates of newly diagnosed comorbidities were quantified among COPD patients 

during two timeframes: 1) the year prior to COPD onset and 2) the year after COPD 

onset. Newly diagnosed rates (per 100 person-years) were calculated as [(number of new 

diagnoses/denominator) *100]. The denominator used was COPD beneficiaries without a 

prior diagnosis of the individual, specific comorbidity of interest at the beginning (index 

dates) of the two measured periods specified above.  

Co-occurrence of Comorbidities  
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The co-occurrence of multiple comorbidities among COPD patients was 

calculated as the proportion of patients with two (pairs) or more (three, four, five) 

prevalent comorbidities, using the entire eligible COPD group as the denominator. The 

objective of this measure is to identify the most common co-occurring conditions in the 

COPD population.  

Statistical Analyses 

Statistical analyses were conducted to examine clinical and demographic 

characteristics of the study cohort using mean (standard deviation [SD]), frequency, and 

percentage, as well as prevalence, co-occurrence of comorbidities, and rates of newly 

diagnosed comorbidities.  

Odds of having prevalent comorbidities comparing beneficiaries with and without 

COPD were estimated using multivariable logistic regression, adjusted for age, sex, race, 

and dual Medicare-Medicare eligibility. 

Subgroup Analyses 

The potential issue with the main analysis above is the loss to follow-up of some 

individuals after COPD diagnoses, due to death or Medicare disenrollment. In subgroup 

analyses, we explored the impact of this issue by quantifying comorbidity prevalence and 

newly diagnosed rates among COPD individuals with continuous enrollment in Medicare 

Parts A and B for 24 months (12 months pre- and 12 months post-COPD onset). COPD 

onset was between Jan 1, 2007 and December 31, 2014. Subgroup analyses examined the 

impact of loss to follow-up in Medicare claims, but the sample size of the eligible COPD 

cohort was reduced. 

4.4 Results 
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Cohort Characteristics 

Of 739,118 eligible COPD beneficiaries, 59% were female and the average age 

was 82.1 years (standard deviation (SD)=9.1) upon study cohort entrance (Jan 1, 2006 or 

the date of their Medicare enrollment, whichever came later). The average age at initial 

COPD diagnosis was 75.0 years (SD=8.0). The cohort was majority white (87%), 

followed by Black (8%), Hispanic (2%), and other races/ethnicities (3%). The average 

(SD) number of comorbidities per COPD beneficiary at one-year following COPD onset 

was 10.0 (SD=4.7). Greater than 99.7%, 97.2%, 91.0%, and 54.8% of beneficiaries living 

with COPD had at least one, three, five, and ten comorbidities, respectively (Table 2). 

The control group consisted of 739,118 matched non-COPD individuals. The 

average number of comorbidities among controls at index date was 1.0 (SD=3.3). About 

57.6%, 41.2%, 25.5%, and 5.3% of non-COPD beneficiaries had at least one, three, five, 

and ten comorbidities (Table 2). 

Comorbidity Prevalence in COPD Beneficiaries 

Comorbidity burden at one-year after COPD onset increased considerably 

compared to at COPD onset. Six of the 40 conditions had a prevalence at one-year post-

COPD onset greater than 30%, and four conditions had prevalence between 20% and 

30%. Thirteen of the 40 conditions had prevalence at one-year post COPD onset between 

10% and 20%; the remaining seventeen comorbidities had prevalence below 10% (Table 

3).  

Comorbidities with the highest prevalence prior to COPD onset and one-year after 

among COPD beneficiaries, respectively, were: hypertension (70.8% and 80.2 %), 

hyperlipidemia (52.2% and 64.8%), anemia (42.1% and 52.0%), arthritis (39.8% and 
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47.7%), congestive heart failure (CHF) (31.3% and 38.8%), diabetes (29.4% and 34.2%), 

depression (22.6% and 28.9%), peripheral vascular disease (PVD) (17.9% and 23.7%), 

hypothyroidism (16.5% and 20.5%), and chronic kidney disease (CKD) (16.4% and 

22.0%) (Table 3). 

Comorbidity Prevalence in non-COPD Beneficiaries 

 Prevalence of all comorbidities among non-COPD controls were much lower than 

among COPD beneficiaries (Table 3). The most prevalent comorbidities among non-

COPD beneficiaries at index and one-year after, respectively, were hypertension (42.1% 

and 47.5%), hyperlipidemia (35.7% and 40.8%), arthritis (23.8% and 27.1%), anemia 

(22.5% and 25.9%), diabetes (15.4% and 17.6%), CHF (10.3% and 12.0%), and 

depression (10.6% and 12.3%). 

 
Table 2 Characteristics of Older Medicare Beneficiaries with COPD and matched non-

COPD controls 

  1Eligible for a Part D low-income subsidy; 2Fourty comorbidities diagnosed at one-year after COPD onset.  

Characteristics COPD Beneficiaries 
(n=739,118) 

Non-COPD Beneficiaries 
(n=739,118) 

Age (years)   
Mean (standard deviation) 82 (9) 82 (9) 
Median (interquartile range) 82 (75-89) 82 (75-89) 

Age at index (first COPD diagnosis)   
Mean (standard deviation) 75 (8) 75 (8) 

Female, n (%) 438,815 (59.4%) 438,815 (59.4%) 
Race, n (%)   

White 641,662 (86.9%) 641,662 (86.9%) 
Black 59,237 (8.0%) 59,237 (8.0%) 
Hispanic 15,506 (2.1%) 15,506 (2.1%) 
Other 22,733 (3.1%) 22,733 (3.1%) 

Dual Medicare-Medicaid, n (%) 227,533 (30.8%) 86,892 (11.7%) 
Low-income subsidy,1 n (%) 151,268 (20.5%) 126,600 (16.8%) 
Comorbid condition count,2 n (%)   

At least 1  736,540 (99.7%) 425,788 (57.6%) 
At least 3 718,731 (97.2%) 304,801 (41.2%) 
At least 5 672,329 (91.0%) 188,529 (25.5%) 
At least 10 404,872 (54.8%) 38,678 (5.3%) 
At least 20 6,084 (0.8%) 90 (0.01%) 
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Odds ratios of having individual comorbidity was significantly higher in 

beneficiaries with COPD compared to those without COPD. Comorbidities with the 

highest odds associated with COPD included tobacco use disorders (OR [95% CI]: 13.0 

[12.7-13.2]), lung cancer (10.3 [9.9-10.7]), asthma (8.9 [8.7-9.0]), and cardiovascular 

diseases (Table 3). 

Newly Diagnosed Comorbidities in COPD Patients 

Many comorbidities had lower newly diagnosed rates (per 100 PY) in the year 

prior to COPD onset than in the year following COPD onset, including: peripheral 

vascular disease (6.4 vs. 8.0), asthma (6.1 vs. 7.9), hyperlipidemia (22.8 vs. 27.6), 

arthritis (12.9 vs. 13.2), anemia (17.8 vs. 20.3), depression (8.1 vs. 9.4), anxiety (3.8 vs. 

5.8), osteoporosis (4.3 vs 5.4), chronic pain (3.3 vs. 4.3), hypothyroidism (5.0 vs. 6.0), 

gastric ulcer (2.5 vs. 3.6), chronic kidney disease (7.8 vs. 8.5), and tobacco use disorder 

(6.2 vs. 8.6). Only three comorbidities had higher rates in the one-year prior to COPD 

onset: hypertension (39.8 vs. 32.3%), CHF (16.2 vs 13.2), and diabetes (10.2% vs 9.0%). 

The remaining comorbidities had relatively similar newly diagnosed rates in the two 

periods (Table 4). 

Co-occurrence of Comorbidities in COPD Patients 

The most common co-occurring comorbidity pairs (two conditions) based on 

prevalence are displayed in Figure 6. Pairs of hypertension or hyperlipidemia with 

anemia, arthritis, CHF, depression, diabetes, PVD, or CKD were the most commonly co-

occurring comorbidity pairs among COPD beneficiaries. These most common 
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Table 3 Prevalence and Odds of Comorbidities among COPD Beneficiaries and Controls 

Comorbidities 

 
                                   Prevalence (%)     

Odds Ratio 
(95% CI) COPD vs 
non-COPD 

COPD Non-COPD   
COPD 
Onset 

One-Year 
After COPD 
Onset 

 COPD 
Onset 

One-Year 
After COPD 
Onset 

One-Year After   
COPD Onset 

Cardiovascular diseases 77.0 85.4 44.7 50.3   
Atrial fibrillation 13.9 17.8 6.0 7.0 2.9 (2.8-2.9) 
AMI 4.6 6.1 1.8 2.1 2.9 (2.8-3.0) 
CHF 31.3 38.8 10.3 12.0 4.5 (4.4-4.5) 
Stroke 13.1 16.4 6.5 7.6 2.2 (2.1-2.3) 
Hypertension 70.8 80.2 42.1 47.5 4.4 (4.3-4.4) 
PVD 17.9 23.7 7.3 8.6 3.0 (3.0-3.1) 
Respiratory 15.4 22.5 2.8 3.3   
Asthma 12.8 18.8 2.2 2.5 8.9 (8.7-9.0) 
Lung cancer 2.4 3.7 0.3 0.4 10.3 (9.9-10.7) 
Cystic fibrosis 0.6 0.8 0.3 0.4 1.9 (1.8-2.0) 
Psychiatric disorders 27.8 35.2 13.1 15.2   
Depression 22.6 28.9 10.6 12.3 2.5 (2.5-2.6) 
Anxiety 11.0 15.4 5.0 6.0 2.6 (2.5-2.7) 
Other disorders1 4.1 4.6 1.6 1.8 2.7 (2.6-2.7) 
Musculoskeletal diseases 33.8 53.5 27.6 31.3   
Osteoporosis 15.7 19.4 10.2 11.6 1.9 (1.9-2.0) 
Arthritis2 39.8 47.7 23.8 27.1 2.4 (2.4-2.5) 
Multiple sclerosis 0.3 0.4 0.2 0.2 1.8 (1.6-1.9) 
Pain Conditions 12.8 16.5 6.2 7.1   
Chronic pain & 
fibromyalgia 

11.7 15.2 6.0 7.1 2.3 (2.2-2.3) 

Migraine 1.7 2.1 0.9 1.0 2.0 (1.9-2.1) 
Metabolic disorders 74.3 84.2 46.5 52.3   
Hyperlipidemia 52.2 64.8 35.7 40.8 2.7 (2.6-2.7) 
Diabetes 29.4 34.2 15.4 17.6 2.2 (2.1-2.2) 
Hypothyroidism 16.5 20.5 10.2 11.8 1.9 (1.9-2.0) 
Anemia 42.1 52 22.5 25.9 3.0 (2.9-3.0) 
Obesity 8.7 11.6 3.1 3.8 3.1 (3.0-3.1) 
Other conditions           
Dementia 11.6 15.3 6.8 8.2 1.7 (1.7-1.8) 
Gastric ulcer 7.0 10.0 3.3 3.9 2.4 (2.3-2.5) 
Glaucoma 15.2 17.5 11.4 12.7 1.4 (1.4-1.5) 
CKD 16.4 22.0 6.3 7.7 3.2 (3.1-3.3) 
Tobacco use disorder 10.8 15.6 1.1 1.4 13.0 (12.7-13.2) 
Other cancer3 12.2 14.3 8.0 9.1 1.7 (1.6-1.7) 
Hip fracture 3.4 4.5 1.8 2.1 2.0 (1.9-2.0) 
TBI 0.6 0.9 0.4 0.5 1.8 (1.7-1.9) 
Hepatitis 0.8 1.1 0.3 0.4 2.6 (2.5-2.7) 
Liver diseases4 4.5 6.3 1.9 2.4 2.6(2.6-2.7) 
AMI: acute myocardial infarction, CHF: coronary heart disease, PVD: peripheral vascular disease,  
CKD: chronic kidney disease, TBI: traumatic brain injuries; 1- ADHD, bipolar disorders, epilepsy, 
schizophrenia; 2-Rheumatoid arthritis, osteoarthritis; 3Breast cancer, leukemia, endothelial cancer, 
colorectal cancer, and prostate cancer;4-Cirrhosis and other liver diseases except hepatitis; Odds ratios 
were adjusted for age, sex, race, dual Medicare-Medicaid, and low income subsidy;  
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comorbidity pairs are similar at the COPD onset or one year after. The co-occurrence of 

three, four, and five comorbid conditions in COPD patients were also most common 

among these conditions (Appendix 2).  

Subgroup Analyses among COPD Beneficiaries 

Analyses of COPD subgroups with two-year continuous Medicare enrollment 

produced 225,996 COPD beneficiaries with slightly higher prevalence of comorbidities 

compared to the main findings. Also, most comorbidities had greater newly diagnosed 

rates in the subgroup analyses compared to the main findings (e.g., hypertension, anemia, 

hyperlipidemia, arthritis, and CKD). However, a few comorbidities had lower rates (e.g., 

respiratory conditions, diabetes) or relatively similar rates (e.g., acute infarction 

myocardial stroke, psychological disorders) in subgroup analyses compared to the main 

findings (Appendix 3). Discontinuous enrollment in Medicare claims (or death) seems to 

have a greater influence on prevalence estimates than newly diagnosed rates, but do not 

significantly change the interpretation of the main findings. 

 

 

 

(a) (b

 

(a) Comorbidity prevalence at COPD onset;  (b) Comorbidity prevalence at 12 months after COPD onset 
Note: Only comorbidities with prevalence before COPD onset ≥4.5% are shown;  
AMI: acute myocardial infarction, CHF: coronary heart disease, PVD: peripheral vascular disease, CKD: chronic 
kidney disease, TBI: traumatic brain injuries; RA: Rheumatoid arthritis, osteoarthritis; Cancer: breast cancer, 
leukemia, endothelial cancer, colorectal cancer, and prostate cancer; Liver disease: cirrhosis and other liver diseases 
except hepatitis.   

 
            

 
 

Figure 6 Co-occurrence of prevalent comorbidities in Medicare beneficiaries with COPD 
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4.5 Discussion 

This study updates current literature with more recent data and generalizable 

estimates of comorbidity prevalence and newly diagnosed rates based on data from over 

700,000 Medicare beneficiaries with COPD and matched controls in real world settings. 

About 99.7% of the Medicare beneficiaries with COPD had at least one comorbid 

condition at one-year post COPD onset, an estimate considerably greater than the 

estimates of between 73% and 97% found in the published literature.33,128,231 We 

documented a higher prevalence of nearly all 40 measured comorbid conditions 

compared to previous studies of COPD patients using large Medicare claims121 or 

commercial claims databases.34,139,238,239,245 This inconsistency may arise from several 

factors such as our focus on older adults who have increased comorbidity 

burden,238,239,243,246 the use of large generalizable data, longer assessment timeframe,121,235 

greater number of comorbidities examined, and/or from differences in study design, 

population characteristics (i.e., COPD severity, geographic locations, and race), and 

measurement methods (i.e., ICD-9-CM codes). 

Prevalence of comorbidities among COPD beneficiaries were significantly higher 

than matched non-COPD controls. Controlling for demographic factors, COPD was 

significantly associated with increased odds of all 40 measured comorbidities. Although 

our findings cannot assess causality, the comorbidities with the highest odds ratios are 

conditions with well-established evidence of causal links with COPD, such as tobacco 

use disorders, lung cancer, asthma, and cardiovascular diseases.247-249 Tobacco use is the 

most commonly known risk factor of COPD and reducing tobacco use disorders remains 

a crucial goal in the management of diagnosed COPD. Given the association between 
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COPD and these comorbidities, controlling for COPD progression and exacerbations may 

potentially improve prognosis and severity of comorbidities, particularly conditions most 

likely associated with COPD such as asthma, lung cancer, and cardiovascular disease. 

Findings on the rates of newly diagnosed comorbidities implicate the quickly increasing 

trend of comorbidities over time among COPD beneficiaries, particularly conditions 

belong to the respiratory, psychiatric, and metabolic disorders. Some conditions with 

decreased rates overtime such as diabetes, CHF, and hypertension warrant further 

research to understand whether their causal associations attribute to such a pattern. 

Comorbidities with the greatest prevalence in COPD individuals included specific 

cardiovascular diseases (hypertension, CHF, PVD), metabolic disorders (hyperlipidemia, 

anemia, diabetes), and arthritis. Improving the management of these comorbidities should 

be prioritized when developing clinical guidelines for the care of older adults with 

COPD. The influence of these comorbidities and their treatments on COPD prognosis 

and COPD-related outcomes, such as exacerbations and death, warrants further 

investigation.233  

A significant proportion of older adults living with COPD suffered from multiple 

chronic comorbidities simultaneously. The co-occurrence of several comorbid conditions 

in COPD patients is not random. A growing body of literature has examined the 

clustering of comorbidities (e.g., conditions that are more likely to coexist) in COPD 

patients.131,243,250,251 Although we did not implement clustering analyses, our findings on 

the co-prevalence of comorbidities (Appendix 2) underlines the grouping of certain 

clustering found in these previous studies, such as cardiovascular, metabolic disorders 

(diabetes, anemia, hyperlipidemia), and inflammatory diseases (arthritis). Further 
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Table 4 Newly Diagnosed Rates of Comorbidities in Older Medicare Beneficiaries with COPD 

Comorbidities 
Rate (100 Persons-year) 
One Year Pre-COPD 
Onset 

Rate (100 Persons-year) 
One Year Post-COPD Onset 

Cardiovascular diseases     
Atrial fibrillation 5.4 5.2 
AMI 2.2 2.6 
CHF 16.2 13.2 
Stroke 4.5 4.3 
Hypertension 39.8 32.3 
PVD 6.4 8 

Respiratory     
Asthma 6.1 7.9 
Lung cancer 1.7 1.7 
Cystic fibrosis 0.2 0.2 

Psychiatric disorders     
Depression 8.1 9.4 
Anxiety 3.8 5.8 
Other disorders1 1.6 1.9 

Musculoskeletal diseases     
Osteoporosis 4.3 5.4 
Arthritis2 12.9 13.2 
Multiple sclerosis 0.1 0.1 

Pain-related Conditions     
Chronic pain & fibromyalgia 3.3 4.3 
Migraine 0.4 0.5 

Metabolic disorders     
Hyperlipidemia 22.8 27.6 
Diabetes 10.2 9 
Hypothyroidism 5 6 
Anemia 17.8 20.3 
Obesity 3.4 4.4 

Other conditions     
Dementia 4.7 4.8 
Gastric ulcer 2.5 3.6 
Glaucoma 3.1 2.6 
CKD 7.8 8.5 
Tobacco use disorder 6.2 8.6 
Other cancer3 3.8 3.3 
Hip fracture 1.5 1.7 
TBI 0.2 0.3 
Hepatitis 0.3 0.4 
Liver diseases4 1.7 2.2 
HIV/AIDS 0.04 0.03 

AMI: acute myocardial infarction, CHF: coronary heart disease, PVD: peripheral vascular disease, CKD: 
chronic kidney disease, TBI: traumatic brain injuries; 1ADHD, bipolar disorders, epilepsy, 
schizophrenia; 2Rheumatoid arthritis, osteoarthritis; 3Breast cancer, leukemia, endothelial cancer, 
colorectal cancer, and prostate cancer; 4Cirrhosis and other liver diseases except hepatitis  

 

 investigations into comorbidity clustering in older patients with COPD can benefit future 

health outcomes research, clinical interventions, and even drug development.243 For 
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example, treatments that target clustered comorbidities with shared components of the 

overall pathophysiologic risk profiles—such as beta-blockers for myocardial infarction 

and congestive heart failure—may be promising tools to improve prognosis as well as 

reduce the polypharmacy drug interactions for medically complex COPD patients.252,253  

This study adds to the growing body of evidence that provides an important 

understanding of the medical complexities in older COPD patients. Our results emphasize 

the importance of refining treatment priorities and clinical guidelines that entail multiple-

disease perspectives and patient-center care approaches for medically complex COPD 

patients. Our findings provide useful information as care providers and healthcare leaders 

reconsider their roles in promoting integrated care and care coordination across providers 

such as primary care physicians, specialists, and pharmacists. Also, untreated 

comorbidities are likely to affect COPD patients at multiple levels of care such as 

screening, diagnosis, treatment, and follow-up. Thus, care providers play a critical role in 

identifying the development of new, as well as uncontrolled, comorbidities for timely 

interventions. Finally, previous research often examines the impacts of single 

comorbidities, such as cardiovascular diseases 254,255 or depression,174,256 on COPD 

treatments and exacerbations. These studies, however, do not address multiple 

comorbidities simultaneously. Our findings prompt the need for future research of drug-

drug and drug-disease interactions among comorbid COPD patients.    

 A major strength of this study is the use of a large national sample to provide 

generalizable estimates of comorbidity burden. While previous research mostly included 

a limited set of conditions,33,35,121,139,257 our study expanded upon these studies by 

including 40 clinically relevant chronic conditions. We measured our outcome at multiple 
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time periods to reflect the patterns of comorbidity prevalence and newly diagnosed rates. 

Finally, we provided a comparison of COPD beneficiaries with non-COPD controls, 

which facilitates the attribution of comorbidity burden to COPD. 

 Our study has several limitations. First, misclassification of COPD and other 

comorbidities due to errors in diagnostic coding may bias our findings. Second, relevant 

conditions including substance use disorders, gastroesophageal reflux disease (GERD), 

and sleep obstructive dyspnea cannot be reliably captured within our study. These 

conditions are important comorbidities due to their impacts on outcomes in COPD 

patients.111,258,259 Finally, discontinuous enrollment in Medicare plans or death potentially 

influence comorbidity estimates. However, subgroup analyses suggest that missing data 

may not substantially bias our main findings.  

 

4.6 Conclusions 

Very few studies have provided generalizable estimates of comorbidity 

prevalence and newly diagnosed rates among older adults with COPD. Using nationally 

representative Medicare claims, this study demonstrates a high burden of comorbidities 

associated with COPD, such as cardiovascular diseases, metabolic conditions, psychiatric 

disorders, arthritis, and respiratory conditions. Our study adds to the growing literature 

that translates into a foundational understanding of the medical complexity among older 

adults living with COPD. The findings are useful for patient-centered and 

multidimensional care initiatives to improve clinical management and prevent adverse 

outcomes for medically complex older adults with COPD. 
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5 Aim 2 Validating Predictive Models of Treatment Non-
Adherence among Medicare Beneficiaries with COPD 

5.1 Abstract 

Background Suboptimal maintenance medication (MM) adherence remains a clinical 

problem among Medicare beneficiaries with chronic obstructive pulmonary disease 

(COPD). Predictive models used to identify future non-adherence may inform risk-based 

decision-making. This study sought to validate the prediction of non-adherence to COPD 

MMs in Medicare claims. 

Methods A retrospective cohort of Medicare beneficiaries aged ≥65 years with inhaled 

MM fills after COPD diagnoses. Non-adherence was measured as proportion of days 

covered (PDC <0.8) in the 12-month following the first MM fill post-COPD diagnoses. 

Our models evaluated different sets of predictors among prevalent and new users. 

Logistic and LASSO regressions were implemented, and Area Under the ROC curve 

(AUC) evaluated model accuracy.  

Results Among 16,157 prevalent and 40,279 new users of MMs, 11,271 (69.8%) and 

34,009 (84.4%) were non-adherent. The best-performing logistic models achieved AUC: 

0.8714 and 0.881, positive predictive values (PPV): 0.881 and 0.881, negative predictive 

values (NPV): 0.559 and 0.578, respectively for prevalent and new users. The LASSO 

models had relatively similar accuracy compared to the logistic. Models with baseline-

only predictors had average performance (AUC <0.72). The most important predictors 

were initial MM adherence, short-acting bronchodilator use, opioids use, and asthma. 

Conclusions To our knowledge, this study is the first to develop and validate predictive 

models of non-adherence to COPD MMs. Generated models achieved good 
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discrimination and underlined the importance of early adherence following a treatment 

episode. Validated models can be useful for care decision-making and interventions to 

improve COPD medication adherence after the first critical few months post-initiation.  

 

5.2 Introduction 

Chronic obstructive pulmonary disease (COPD) afflicts over 16 million 

individuals in the United States.1 The older population diagnosed with COPD face 

substantial medical and economic burdens. Medicare beneficiaries are responsible for a 

total of COPD 335,000 hospitalizations a year.8,77 On average, each Medicare beneficiary 

with COPD incurs an additional $20,500 in medical expenditures annually compared to 

age- and sex- matched beneficiaries without COPD.85 

Clinical guidelines that inform standards of care, such as those embodied by the 

Global Initiative for Chronic Obstructive Lung Disease (GOLD) and the American 

Thoracic Society (ATS), recommend COPD patients who initiate maintenance 

medications (MMs) to remain adherence to their regimens.2,260 MM adherence is 

associated with reduced hospitalizations, exacerbations, medical costs, and death among 

patients with COPD.23-29 However, non-adherence remains a significant issue in older 

adults living with COPD.174,179,261 Among 70% of Medicare beneficiaries with COPD 

who received MM prescriptions in a calendar year, only two-thirds were adherent.261 

Strategies to improve treatment adherence are critical for clinical providers and 

for managed care organizations to meet their quality metrics. Accurate prediction models 

of COPD treatment non-adherence are needed to facilitate risk stratification, effective 
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intervention strategies, inform managed care plans, support outcome-based research, and 

improve clinical management of COPD patients.  

Published literature on COPD MMs primarily focuses on examining risk 

predictors of COPD treatment adherence.43,44,153,158,159,162,166 We are unaware of previous 

studies on predicting adherence to COPD MMs. Previous risk factor studies associate 

sociodemographic factors, smoking, and clinical factors (e.g., comorbidities, comorbidity 

treatments, COPD stages, and poor lung function) with non-adherence to COPD 

MMs.43,44,153,159,162,166 For example, specific comorbidities (i.e., depression, 

cardiovascular disease, arthritis)43,164,166,174 decreased treatment adherence, while 

medication use (e.g., antidepressants, beta-blockers)164,262,263 were found to increase 

COPD MM adherence. Also, provider- and patient-related determinants of COPD 

treatment non-adherence include trust between patients and providers, medication 

understanding, and patient preferences.264 It is challenging to capture behavioral factors 

in administrative claims databases, but clinical factors, including diagnosed comorbidities 

and their treatments, are readily available. The performance of claims-based variables in 

predicting future non-adherence to COPD MM remains unclear.  

Using nationally representative Medicare claims, this study developed and 

validated predictive models of one-year non-adherence to COPD inhaled MMs. We 

operationalized multiple sets of predictors to predict non-adherence in two cohorts with 

prevalent and new use of inhaled MMs. 

 

5.3 Methods 

Study Design and Population 
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This retrospective cohort study consisted of Medicare beneficiaries aged 65 years 

and older with a claims-based COPD diagnosis between 1/1/2007 and 12/31/2014. COPD 

was flagged using International Disease Classification ninth version (ICD-9-CM) codes 

(491.x, 492.x, 494.x, and 496).265 A COPD diagnosis was recorded if a beneficiary had: 

(1) one diagnosis code in the inpatient, skilled nursing facilities, or home health claims, 

or (2) two diagnosis codes in the outpatient or carrier claims.  

Eligible individuals had at least two fills of inhaled MMs (including 

bronchodilators (LABA), long-acting anti-muscarinic (LAMA), and inhaled 

corticosteroids (ICSs), alone or in combination) following COPD diagnosis. The index 

date was defined as the date of first prescription fill for MMs following an identified 

COPD diagnosis. Beneficiaries were required to have 12 months pre- and 12 months 

post-index of continuous enrollment in Medicare Parts A, B, and D to adequately capture 

outcomes and predictors in claims. Beneficiaries with Medicare advantage plans during 

follow-up were also excluded since their claims are inadequate in our database (Figure 7).  

We further excluded patients with a prescription filled for nebulized MMs during 

follow-up as this group is clinically different from patients that only utilize inhalers. As 

claims data are imperfect to define new use, we validated predictive models in cohorts 

with prevalent and new use of MMs separately to explore the impact of such limitation. 

The prevalent use cohort was comprised of individuals with at least one prescription of 

inhaled MMs in the 12 months pre-index. The new use cohort included beneficiaries 

without inhaled MMs during the 12 months before index. 

Measure of Outcome 
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The primary outcome was non-adherence to inhaled MMs which was identified in 

the 12 months post-index. Non-adherence was defined as proportion of days covered 

(PDC) <0.8. The number of covered days of inhaled MMs for the period of 365 days 

post-index was flagged if a patient had prescription fills of any drug classes. Total 

covered days were calculated by summing the days supplied of the dispensed inhaler. If a 

patient had overlapping prescriptions of the same drug, the start date of the following fill 

was adjusted to be after the end date of the prior fill. PDC was equal to the ratio of total 

covered days during the 12 months post-index divided by 365 days for all patients. 

Measures of Predictors  

We defined a set of predictors based on previous literature and their availability in 

our data. Baseline predictors were measured in the 12-month period prior to the index-

date, including demographic factors, comorbidities, comorbidity treatments, proxy 

variables for COPD severity (oxygen supplementation and COPD index hospitalization), 

28,174,180,263 health services utilization, and baseline MM adherence (for prevalent cohort 

only). Given that previous prediction studies reported the importance of initial adherence 

pattern in predicting future treatment adherence,266-268 this study included initial MM 

adherence, measured during the first three months after the index, as a predictor in both 

prevalent and new use cohorts. 

Statistical Analyses  

Descriptive analyses examined characteristics among non-adherent and adherent 

users using frequency counts (percentage), or mean (standard deviation (SD)), chi-square 

(χ2), and t-tests.  

Initial Model Specification 
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Three models with different sets of predictors were specified to evaluate their 

performance in predicting the outcome: (1) Model 1: Baseline demographics + 

comorbidities + comorbidity treatments; (2) Model 2: Baseline demographics + 

comorbidities + comorbidity treatments + baseline MM adherence; and (3) Model 3: 

Baseline demographics + comorbidities + comorbidity treatments + initial MM adherence 

(see list of variables in Table 5). All models were applied to the prevalent use cohort 

while only Models 1 and 3 were applied to the new use cohort (as Model 2 included 

baseline MM adherence which only applied to prevalent users). 

Model Training and Evaluation 

Study cohorts were randomly split into a training dataset (70%) and a validation 

data (30%). First, multivariable logistic regression was applied to the training dataset. 

Then, these models were tested for prediction accuracy using the validating data. 

Prediction accuracy was reported using area under the curve (AUC) which demonstrates 

the discrimination of the model in classifying non-adherent from adherent individuals. In 

addition, we reported positive predictive values (PPV), and negative predictive values 

(NPV) of these models with a cut-point probability of 0.5. PPV measures the percentage 

of correctly identified non-adherence patients in a model while NPV measures the 

percentage of correctly identified patients with adherence. 

Due to the large number of predictors in initially specified models, we 

additionally carried out logistic Least Absolute Shrinkage Selector Operator (LASSO) 

regression model for the best performing models (Model 3). The LASSO approach 

allows for the examination of possible overfitting issues and the implementation of   
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variable selection. The LASSO method adds penalties to shrink coefficients of the less 

important predictors to zero, thus removing unimportant variables and potentially 

First COPD diagnosis in Medicare claims 1/1/2007-

12/31/2014 N=526,732 

 

At least 2 inhaled maintenance medication fills after first 

COPD diagnosis N=153,034 

 

Parts A, B, D continuous enrollment (12-months pre- and 

post-index) N=80,702 

 

All eligible users of inhaled maintenance medications,  

aged 65+ N=56,436  

 

Excluded nebulized maintenance medications during 

follow-up N=78,143 

 

Prevalent use cohort 

N=16,157 

 

New use cohort 

N=40,279 

 
Figure 7 Flowchart of cohorts for predicting COPD medication non-adherence 
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reducing bias due to model overfitting. To implement LASSO, ten-fold cross-validation 

was used to fine tune model parameters and re-test the model accuracy. 

Important Predictors 

We implemented predictor-specific AUC analyses to identify the most important 

predictive factors of non-adherence from Model 3 logistic regression (the best performing 

model). Additionally, odds ratios in the best performing logistic regression Model 3 were 

reported to demonstrate the predictive associations between all predictors and MMs non-

adherence.  

Sensitivity Analyses 

COPD patients who used short-acting bronchodilators, such as SABAs (short-

acting beta-agonists) and SAMAs (short-acting antimuscarinics), may skip MMs on the 

same days. Therefore, all models were validated in a population where the definition of 

filled inhaled MMs was expanded to include both long-acting and short-acting 

medications (SABA, SAMA, LABA, LAMA, ICSs, alone or in combination). The 

validation of prediction models using logistic regression in the sensitivity analyses was 

similar to the main analyses. 

 

5.4 Results 

Cohort Characteristics 

Among 56,436 eligible beneficiaries who initiated inhaled MMs following a 

COPD diagnosis, 16,157 were prevalent users and 40,279 were new users. There were 

11,271 (69.8%) and 34,009 (84.4%) non-adherent users in the prevalent and new use 

cohort, respectively. In both cohorts, mean (SD) age was 76 (7) years and over 40% were 
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dually eligible for Medicare-Medicaid enrollment. Females accounted for 69.0% and 

63.4% of prevalent and new users, respectively (Table 5). 

In both prevalent and new use cohorts, non-adherent users were more likely to 

have a diagnosis for cardiovascular diseases, psychiatric disorders, musculoskeletal 

diseases, metabolic disorders, cancer, chronic liver disease, and gastroesophageal reflux 

disease. Asthma and tobacco use disorder were less common among non-adherent than 

adherent users. In addition, the prevalence treatment of comorbidities was more frequent 

among beneficiaries with non-adherence (e.g., antiarrhythmics, anticoagulants, beta-

blockers, antidepressants, antipsychotics, oral corticosteroids, antidiabetics, opioids, 

muscle relaxants, and respiratory antibiotic use). Short-acting bronchodilators and 

bisphosphonates were the only drug classes with lower prevalent use among non-

adherent beneficiaries. Non-adherent beneficiaries were less likely to have indications of 

severe COPD (baseline COPD hospitalization and receiving oxygen supplementation) as 

well as fewer baseline outpatient visits. 

Prediction Performance  

The logistic regression (Model 1) produced an AUC of 0.650 and 0.678, PPV of 

0.802 and 0.842, and NPV of 0.429 and 0.285, respectively, for the prevalent and new 

use cohorts. In Model 2 for the prevalent cohort, AUC, PPV, and NPV were 0.731, 0.829, 

and 0.635. Model 3 performed considerably better compared to Models 1 and 2, 

corresponding to an AUC of 0.871, a PPV of 0.883, and a NPV of 0.573 for the prevalent 

use cohort. Among new users, Model 3 generated an AUC of 0.881, a PPV of 0.881, and 

a NPV of 0.578 (Table 6). 
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Compared to the logistic approach, LASSO regression (implemented only for 

Model 3) demonstrated a slightly lower AUC (0.852 and 0.877 for prevalent and new 

users), relatively similar PPV (0.883 and 0.880), and slightly higher NPV (0.615 and 

0.584).  

Variable Importance  

The top 20 most important predictors of non-adherence to MMs among prevalent 

and new users are presented in Figure 8. 

Despite the slight difference in predictor rank between the prevalent and new use cohorts, 

the differences in variable-specific AUC estimates were not substantial. The strongest 

predictor of one-year non-adherence was initial MM adherence. Lower adherence for 

COPD medications during the first three months post-index predicted higher non-

adherence risk. Baseline short-acting bronchodilator use, psychological disorders, 

Parkinson’s disease, baseline oxygen supplementation, and index COPD hospitalization 

were significantly associated with a greater risk of COPD MM non-adherence. On the 

contrary, corticosteroid use, opioid use, non-white race, ischemic heart disease, 

hypertension, sleep apnea, migraine, gastroesophageal reflux disease, and Parkinson’s 

disease treatment predicted lower non-adherence to MMs (Table 7). 

Sensitivity Analyses 

We identified 26,512 prevalent users and 48,561 new users when including short-

acting bronchodilators in the definition of inhaled MMs. Among prevalent users, all three 

models using logistic regression had no substantial differences of AUC compared to the 

corresponding models in the main analyses (AUC: 0.648, 0.712, and 0.871). Among new   
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Table 5 Baseline Characteristics of COPD Beneficiaries with Inhaled Maintenance Medications 

  Prevalent Use Cohort, n=16,157 New Use Cohort, n=40,279 

Baseline Predictors, n (%) Adherent Non-Adherent Adherent Non-Adherent 
n=4,886 n=11,271 n=6,270 n=34,009 

Age (years) 
   

65-74 2328 (47.6) 4998 (44.3)* 2930 (46.7) 15209 (44.7)* 
75-84 1763 (36.1) 4236 (37.6) 2287 (36.5) 12723 (37.4) 
≥85 795 (16.3) 2037 (18.1) 1053 (16.8) 6077 (17.9) 

Female 3332 (68.2) 7877 (69.9)* 3755 (59.9) 21562 (63.4)* 
Race  

    

White 4172 (85.4) 9399 (83.4)* 5511 (87.9) 28829 (84.8)* 
Black 310 (6.30) 915 (8.1) 408 (6.5) 2703 (7.9) 
Hispanic 111 (2.30) 312 (2.8) 125 (2.0) 995 (2.9) 
Others 293 ( 6.0) 645 (5.7) 226 (3.6) 1482 (4.4) 

Dual Medicare-Medicaid  2199 (45.0) 4692 (41.6)* 2748 (43.8) 13705 (40.3)* 
Cardiovascular disease   

Stroke 464 (9.5) 1223 (10.9)* 680 (10.8) 4000 (11.8)* 
Acute myocardial infarction 89 (1.8) 288 (2.6)* 235 (3.7) 1030 (3.0)* 
Ischemic heart disease 1733 (35.5) 4541 (40.3)* 2655 (42.3) 15590 (45.8)* 
Atrial fibrillation 794 (16.3) 2027 (18.0)* 1264 (20.2) 7106 (20.9) 
Heart failure 1172 (24.0) 2998 (26.6)* 1951 (31.1) 10021 (29.5)* 
Hypertension 4101 (83.9) 9648 (85.6)* 5226 (83.3) 29378 (86.4)* 
Peripheral vascular disease 1052 (21.5) 2532 (22.5) 1589 (25.3) 8957 (26.3) 

Respiratory condition   
Asthma 2546 (52.1) 4957 (44.0)* 1434 (22.9) 7836 (23.0) 
Pulmonary hypertension 300 (6.1) 769 (6.8) 657 (10.5) 2683 ( 7.9)* 
Sleep apnea 541 (11.1) 1335 (11.8) 641 (10.2) 3987 (11.7)* 

Psychological disorder   
Depression 995 (20.4) 2443 (21.7) 1343 (21.4) 7562 (22.2) 
Anxiety 727 (14.9) 1861 (16.5)* 1043 (16.6) 5816 (17.1) 
Other psychosis disorder1 242 (5.0) 557 (4.9) 427 (6.8) 1788 (5.3)* 

Musculoskeletal disease   
Osteoporosis 965 (19.8) 2360 (20.9)* 1110 (17.7) 6539 (19.2)* 
Rheumatoid arthritis 252 (5.2) 625 (5.5) 272 (4.3) 1776 (5.2)* 
Osteoarthritis 1921 (39.3) 4851 (43.0)* 2124 (33.9) 13742 (40.4)* 
Gout 280 (5.7) 697 (6.2) 348 (5.6) 2254 (6.6)* 
Other 2 781 (16.0) 2111 (18.7)* 900 (14.4) 6058 (17.8)* 

Pain condition 
   

Migraine & headache 107 (2.2) 280 (2.5) 102 (1.6) 757 (2.2)* 
Chronic pain and 

fibromyalgia 1969 (40.3) 5205 (46.2)* 2575 (41.1) 15720 (46.2)* 

Cancer 
    

    Lung cancer 92 (1.9) 236 (2.1) 244 (3.9) 1029 (3.0)* 
    Other cancer 1030 (21.1) 2495 (22.1) 1400 (22.3) 8072 (23.7)* 
Metabolic disorder    
    Hyperlipidemia 3504 (71.7) 8342 (74.0)* 4415 (70.4) 25333 (74.5)* 
    Diabetes 1720 (35.2) 4252 (37.7)* 2132 (34.0) 13112 (38.6)* 
    Hyperthyroid 95 (1.9) 319 (2.8)* 157 (2.5) 867 (2.5) 
    Hypothyroid 1348 (27.6) 3258 (28.9)* 1615 (25.8) 9413 (27.7)* 
    Anemia 1600 (32.7) 4171 (37.0)* 2173 (34.7) 12758 (37.5)* 
    Obesity 672 (13.8) 1561 (13.8)* 759 (12.1) 4481 (13.2)* 
Other condition    

Gastroesophageal reflux  275 (5.6) 769 (6.8)* 261 (4.2) 2002 (5.9)* 
1ADHD, bipolar disorder, and schizophrenia; 2Connective tissue disorders and multiple sclerosis; *p-
values <0.05 
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Table 5 Baseline Characteristics of COPD Beneficiaries with Inhaled Maintenance Medications (cont.) 
  Prevalent Use Cohort, n=16,157 New Use Cohort, n=40,279 

Baseline Predictors Adherence Non-Adherence Adherence Non-Adherence 
n=4,886 n=11,271 n=6,270 n=34,009 

Other condition 
   

Glaucoma 825 (16.9) 1867 (16.6) 849 (13.5) 5126 (15.1)* 
Viral hepatitis 50 (1.0) 124 (1.1) 61 (1.0) 374 ( 1.1) 
Chronic liver diseases3 319 (6.5) 807 (7.2)* 382 (6.1) 2492 (7.3)* 
Chronic kidney disease 933 (19.1) 2361 (20.9)* 1501 (23.9) 8047 (23.7) 
Hip and pelvic fractures  85 (1.7) 245 (2.2)* 150 (2.4) 797 (2.3) 
Dementia and Alzheimer's 442 (9.0) 1171 (10.4)* 819 (13.1) 3747 (11.0)* 
Parkinson’s 82 (1.7) 221 (2.0) 140 (2.2) 725 (2.1) 
Tobacco use disorder 424 (8.7) 983 (8.7) 1370 (21.9) 5466 (16.1)* 

Medication use 
   

Antiarrhythmic 173 (3.5) 456 (4.0) 260 (4.1) 1712 (5.0)* 
Anticoagulants 615 (12.6) 1619 (14.4)* 942 (15.0) 5281 (15.5) 
Beta-blockers 2034 (41.6) 5089 (45.2)* 3029 (48.3) 16854 (49.6) 
Nitrates 594 (12.2) 1457 (12.9) 797 (12.7) 4733 (13.9)* 
Vasodilators 2824 (57.8) 6589 (58.5) 3501 (55.8) 19464 (57.2)* 
Other antihypertension 418 (8.6) 978 (8.7) 508 (8.1) 2977 (8.8) 
Antiplatelet 606 (12.4) 1614 (14.3)* 957 (15.3) 5786 (17.0)* 
Diuretics 2600 (53.2) 6107 (54.2) 3152 (50.3) 17464 (51.4) 
Glycosides 250 (5.1) 615 (5.5) 358 (5.7) 2021 (5.9) 
Antihyperlipidemics 2821 (57.7) 6551 (58.1) 3586 (57.2) 19672 (57.8) 
Antiglaucoma 461 (9.4) 1055 (9.4) 478 (7.6) 2816 (8.3) 
Antidepressants 1738 (35.6) 4169 (37.0) 2141 (34.1) 12189 (35.8)* 
Antipsychotics 305 (6.2) 599 (5.3)* 451 (7.2) 1931 (5.7)* 
Anxiolytics 237 (4.9) 627 (5.6) 263 (4.2) 1578 (4.6) 
Oral corticosteroids 4638 (94.9) 10936 (97.0)* 5049 (80.5) 30868 (90.8)* 
Antidiabetics 1175 (24.0) 2863 (25.4) 1440 (23.0) 8747 (25.7)* 
Antineoplastic 284 (5.8) 636 (5.6) 268 (4.3) 1552 (4.6) 
Immunosuppressant 141 (2.9) 332 (2.9) 109 (1.7) 700 (2.1) 
Antirheumatics 376 (7.7) 889 (7.9) 346 (5.5) 2279 (6.7)* 
Bisphosphonates 757 (15.5) 1549 (13.7)* 663 (10.6) 3633 (10.7) 
Antigouts 300 (6.1) 664 (5.9)* 322 (5.1) 2079 (6.1)* 
Non-opioid analgesics 1563 (32.0) 3883 (34.5)* 1652 (26.3) 10346 (30.4)* 
Opioids 2206 (45.1) 5754 (51.1)* 2610 (41.6) 16606 (48.8)* 
Sedatives/hypnotics 758 (15.5) 1884 (16.7)* 885 (14.1) 5658 (16.6)* 
Muscle relaxants 474 (9.7) 1250 (11.1)* 473 (7.5) 3251 (9.6)* 
Proton pump inhibitors 2123 (43.5) 4943 (43.9) 2233 (35.6) 13303 (39.1)* 
Antivirals 307 (6.3) 751 (6.7) 274 (4.4) 1904 (5.6)* 
Cholinesterase inhibitors 285 (5.8) 773 (6.9)* 457 (7.3) 2387 (7.0) 
Antiparkinsonian 155 (3.2) 400 (3.5) 191 (3.0) 1147 (3.4) 
Smoking treatment 172 (3.5) 447 (4.0) 308 (4.9) 1558 ( 4.6) 
Thyroids 1116 (22.8) 2619 (23.2) 1272 (20.3) 7163 (21.1) 
Short-acting bronchodilators 3844 (78.7) 7203 (63.9)* 4861 (77.5) 18889 (55.5)* 
Respiratory antibiotics 3709 (75.9) 8960 (79.5)* 4290 (68.4) 25843 (76.0)* 

Pulmonary rehabilitation 0 (0) 0 (0) 916 (14.6) 4805 (14.1) 
Oxygen supplementation  458 (9.4) 992 (8.8) 1072 (17.1) 4099 (12.1)* 
Index COPD hospitalization 693 (14.2) 1896 (16.8)* 1769 (28.2) 6902 (20.3)* 
Outpatient visit count4 30 (33) 34 (35)* 29 (33.0) 33 (35.0)* 
Inpatient visit count4 0 (1.0) 0 (1.0)* 0 (1.0) 0 (1.0) 
Days since COPD Dx4  19 (33) 35 (75)* 321 (828) 407 (808)* 
3Cirrhosis and liver disease (except viral hepatitis); 4Mean (interquartile range); *p-values <0.05;  
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users, Model 3 had a slightly higher AUC (0.897) but Model 1 had a relatively similar 

AUC (0.644) compared to the corresponding models in the main analyses (Appendix 4). 

 

Table 6 Validated Predictive Performance of Non-Adherence to Inhaled Maintenance Medications among 
Medicare Beneficiaries with COPD 

  Model Specification Prevalent Use Cohort New Use Cohort 
  AUC PPV NPV AUC  PPV NPV 

L
og

ist
ic

 R
eg

re
ss

io
n Model 1: Demographics + 0.648 0.801 0.333 0.678 0.842 0.385 

                 Comorbidities + treatments 
Model 2: Demographics + 

0.712 0.834 0.679 NA NA NA                  Comorbidities + treatments + 
                 Baseline COPD adherence 
Model 3: Demographics + 

0.871 0.881 0.559 0.881 0.881 0.578                  Comorbidities + treatments + 
                 COPD post-index adherence 

L
A

SS
O

  
Model 3: Demographics + 0.852 0.883 0.615 0.877 0.880 0.584                  Comorbidities + treatments + 
                 COPD post-index adherence 

AUC: area under the ROC curve, PPV: positive predictive value, NPV: negative predictive value 
 

 

 A-Prevalent Use Cohort                                  B- New Use Cohort 

 

Figure 8 Variable important measure of COPD medication non-adherence using variable-
specific AUC 
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5.5 Discussion 

This study developed and validated multiple predictive models of non-adherence 

to inhaled MMs among Medicare beneficiaries diagnosed with COPD in a real-world 

setting. Prediction models with only baseline predictors (demographics, comorbidities, 

comorbidity treatments, and baseline MM adherence) gained poor (AUC <0.7) or average 

(0.7<=AUC <0.8) accuracy. The best prediction accuracy (AUC> 0.8) was achieved in 

models including a predictor of initial MM adherence in the first quarter following a 

treatment episode. In the best predictive models with a cut-off probability of 0.5, about 

88% of non-adherent users may be correctly identified at three months after initiation. 

There were no substantial differences in the predictive accuracy in the prevalent 

and new use cohorts. Such findings suggest that prevalent and new users of MMs may be 

quite similar in Medicare claims. The popular approach to define MM new use in claims 

is imperfect given the fact that only one-year without prior MM prescriptions was 

required. Also, the comparable AUC measures between the logistic and LASSO 

regressions, and between the training and the validation sets (data in the training set not 

shown), indicate that the unselected logistic regression models performed well without an 

overfitting issue. 

Studies predicting COPD MM non-adherence remain sparse. To our knowledge, 

this study is the first to develop and validate predictive models of non-adherence to 

inhaled MMs using real-world Medicare data. Recent scientific efforts have mainly 

prioritized the investigation of risk factors associated with COPD treatment 

adherence.43,153,158,159,162,164,166,262 While risk factor studies aim to identify relative risks of 

one or more predictors, prediction studies seek to quantify the absolute risk of an 
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individual based on their characteristics. Prediction studies play critical roles in providing 

multidimensional and personalized insights for treatment plans of medically complex 

COPD patients.  

Accurate prediction using pre-index or baseline predictors is preferred, as they 

facilitate the early identification of individuals at-risk for non-adherence. Using Medicare 

administrative claims, a lag time of three months after initiating is required to 

substantially improve the predictive accuracy of COPD non-adherence to a good level 

(AUC >0.8). In our study, even models with pre-index MM adherence as a predictor had 

average accuracy. This finding highlights the critical role of initial adherence following a 

new treatment episode on predicted values of future non-adherence. Research to examine 

factors that are associated with and are predictive of early MM adherence is beyond the 

scope of this study but is an important area for further research. 

Besides initial MM adherence, this study corroborates previous research on other 

most important predictors of non-adherence to COPD treatments including socio-

demographic factors (race and Medicare-Medicaid dual eligibility), specific 

comorbidities (i.e., cardiovascular disease, asthma, cancer), specific comorbidity 

treatments (e.g., opioids, Parkinson treatments, and short-acting bronchodilators), and 

indications of COPD severity.43,153,158,159,162,164,166,262 The association of disease severity 

and adherence underlines the significance of early diagnosis and treatment for COPD. 

Socio-demographic factors of COPD treatment non-adherence, such as race and dual 

Medicare-Medicaid eligibility, likely implicate the disparity in access to care among 

COPD patients with different socio-economic status. This study also emphasizes the 

predictive effects of multiple comorbidities and treatments on COPD non-adherence. 
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Given the substantial comorbidity burden associated with COPD, predictive studies can 

offer multidimensional and personalized insights for the decision-making process among 

medically complex COPD patients. Research on interactions of disease-disease and 

disease-medication and how they impact COPD treatment adherence warrants more 

work. 

Treatment non-adherence remains a critical issue influencing exacerbations, 

medical costs, and death among older adults living with COPD.25,26,28 Accurate prediction 

models of non-adherence may provide fundamental insights to bring changes into the 

treatment and management of COPD patients. First, medical providers may utilize these 

predictive models to risk-stratify patients and provide personalized patient-provider 

communication and clinical care plans. Second, predictive models can guide managed 

care organizations on effective interventions and decision-making to meet their quality 

metrics. Finally, individuals with high risk of non-adherence can be targeted for 

behavioral interventions to prevent future consequences and save financial resources. 

Well-validated predictive models should be adopted in practice using friendly tools to 

leverage their usability and impacts. 

A major strength of this study is the use of large, nationally representative data to 

provide findings that are generalizable to older adults living with COPD in the United 

States. Second, we implemented a comprehensive evaluation of various predictive 

scenarios among both prevalent and new users of MMs. Given the imperfect measure of 

new medication use in administrative claims, this approach allows for the exploration of 

the potential effects of such a measurement limitation. One-year period was selected in 

this study to measure the outcome as it a common period in quality metric measure of 
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COPD treatment adherence.269 Future work predicting short-term adherence with 

consideration of variation in clinical variables over time will be an important supplement 

to this study. 

Our findings need to be interpreted in consideration of several limitations. First, 

Medicare claims lack important predictors of COPD treatment adherence, such as patient 

or provider preference and other behavioral variables. Some important clinical predictors 

were not available in our data, such as COPD clinical stage, FEV1 measure for lung 

functions, and substance use disorders. Second, medication use was assumed if there was 

a claim indicating the medication was dispensed, although patients might receive a 

prescription without actual using. Third, measures of comorbidities and medication use in 

claims data are prone to coding errors and imperfect accuracy. These errors may bias our 

findings and lower the performance of predictive models. Third, we combine multiple 

MM classes in the definition of main outcomes. However, there are potential differences 

in medication by specific drug classes as well as types of inhalers that were not accounted 

for in our study. This issue could be a research question to explore further. Finally, our 

findings are generalizable to Medicare older adults with COPD in the United States but 

not necessarily to other COPD populations. 

 

5.6 Conclusions 

This study developed and validated predictive models of COPD medication non-

adherence using different sets of predictors measured in Medicare real world data. Our 

best models achieved good discrimination (AUC=0.85-0.88) and underlined the 

importance of early adherence. Other important predictors of COPD non-adherence 
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included socio-demographic factors, COPD severity, comorbidities, and comorbidity 

medications. Insights from our study are critical for risk-stratified clinical care, decision-

making, and interventions to improve COPD treatment compliance following the first 

critical few months of a new treatment episode. 

  



 

69 
 

Table 7 Multivariate Odds Ratio of Non-Adherence to Maintenance Medications for Using Logistic 
Regression (Model 3) 

  

Prevalent Use 
Cohort 
Odds Ratio (95% 
CI) 

New Use Cohort 
Odds Ratio (95% 
CI) 

Initial MM adherence (PDC)   
<0.5 ref ref 
0.5-0.8 0.093 (0.076-0.114)* 0.087 (0.068-0.112)* 
≥0.8 0.010 (0.008-0.012)* 0.009 (0.007-0.012)* 

Age (years)   
65-74 ref ref 
75-84 0.972 (0.906-1.043) 0.968 (0.885-1.06) 
≥85 1.006 (0.912-1.111) 1.013 (0.893-1.149) 

Female 1.004 (0.934-1.078) 1.017 (0.929-1.112) 
Race    

White ref ref 
Black 1.326 (1.167-1.506)* 1.221 (1.038-1.436)* 
Hispanic 1.657 (1.352-2.029)* 1.663 (1.276-2.167)* 
Others 1.174 (1.012-1.362)* 1.208 (0.984-1.483) 

Dual Medicare-Medicaid Eligibility 0.768 (0.715-0.825)* 0.825 (0.754-0.902)* 
Cardiovascular disease   

Stroke 1.03 (0.927-1.144) 1.029 (0.902-1.173) 
Acute myocardial infarction 0.953 (0.788-1.151) 0.954 (0.767-1.185) 
Ischemic heart disease 1.124 (1.043-1.212)* 1.108 (1.008-1.219)* 
Atrial fibrillation 0.999 (0.898-1.110) 1.024 (0.897-1.169) 
Heart failure 1.043 (0.959-1.133) 0.978 (0.881-1.086) 
Hypertension 1.073 (0.972-1.185) 1.174 (1.035-1.330)* 
Peripheral vascular disease 0.994 (0.921-1.074) 1.058 (0.961-1.164) 

Respiratory condition   
Asthma 0.866 (0.808-0.927)* 1.043 (0.949-1.147) 
Pulmonary hypertension 0.963 (0.857-1.081) 0.891 (0.776-1.023) 
Sleep apnea 1.202 (1.082-1.334)* 1.24 (1.083-1.420)* 

Psychological disorder   
Depression 0.92 (0.838-1.009) 0.937 (0.834-1.054) 
Anxiety 0.962 (0.879-1.054) 0.946 (0.844-1.06) 
Other psychosis disorder1 0.905 (0.783-1.046) 0.813 (0.681-0.970)* 

Musculoskeletal disease   
Osteoporosis 1.070 (0.978-1.170) 1.091 (0.971-1.225) 
Rheumatoid arthritis 0.955 (0.819-1.115) 0.993 (0.812-1.214) 
Osteoarthritis 1.039 (0.969-1.114) 1.059 (0.969-1.158) 
Gout 0.958 (0.814-1.127) 0.934 (0.761-1.147) 
Other musculoskeletal diseases2 1.076 (0.986-1.175) 1.041 (0.929-1.166) 

Pain condition   
Migraine & headache 1.089 (1.020-1.163)* 1.090 (1.003-1.186)* 
Chronic pain and fibromyalgia 1.020 (0.814-1.277) 1.067 (0.792-1.438) 

Cancer   
    Lung cancer 0.837 (0.693-1.012) 0.787 (0.63-0.984)* 
    Other cancer 1.002 (0.925-1.085) 1.06 (0.956-1.175) 
1ADHD, bipolar disorder, and schizophrenia; 2Connective tissue disorders and multiple sclerosis; *p-
value <0.05  
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Table 7 Multivariate Odds Ratio of Non-Adherence to Maintenance Medications Using Logistic 
Regression (Model 3) (cont.) 

  
Prevalent Use Cohort 
Odds Ratio (95% CI) 

New Use Cohort 
Odds Ratio (95% CI) 

Metabolic disorder   
    Hyperlipidemia 1.079 (0.994-1.172) 1.074 (0.968-1.193) 
    Diabetes 1.087 (0.994-1.189) 1.105 (0.985-1.240) 
    Hyperthyroid 1.051 (0.945-1.169) 1.050 (0.916-1.204) 
    Hypothyroid 1.121 (0.902-1.393) 0.818 (0.623-1.075) 
    Anemia 1.045 (0.972-1.124) 1.042 (0.950-1.143) 
    Obesity 0.940 (0.853-1.037) 1.001 (0.883-1.136) 
Other condition   

Gastroesophageal reflux disease 1.216 (1.058-1.397)* 1.275 (1.056-1.539)* 
Glaucoma 0.986 (0.885-1.099) 0.987 (0.856-1.139) 
Viral hepatitis 0.982 (0.724-1.333) 1.051 (0.717-1.539) 
Chronic liver diseases3 1.044 (0.923-1.181) 1.050 (0.896-1.231) 
Chronic kidney disease 0.951 (0.875-1.033) 0.938 (0.846-1.040) 
Hip and pelvic fractures  0.936 (0.755-1.161) 0.972 (0.747-1.265) 
Dementia and Alzheimer's 0.831 (0.732-0.945)* 0.844 (0.721-0.987)* 
Parkinson 0.926 (0.720-1.191) 0.813 (0.598-1.106) 
Tobacco use disorder 0.945 (0.863-1.034) 0.934 (0.841-1.037) 

Medication use   
Antiarrhythmic 1.090 (0.890-1.335) 1.161 (0.903-1.494) 
Anticoagulants 0.988 (0.842-1.161) 1.000 (0.815-1.227) 
Beta-blockers 0.992 (0.863-1.139) 0.972 (0.812-1.162) 
Nitrates 1.017 (0.869-1.190) 1.144 (0.935-1.399) 
Vasodilators 1.008 (0.870-1.167) 1.072 (0.887-1.296) 
Other antihypertension 1.074 (0.907-1.272) 1.118 (0.898-1.392) 
Antiplatelet 1.073 (0.920-1.251) 1.102 (0.907-1.339) 
Diuretics 1.056 (0.918-1.215) 1.074 (0.897-1.287) 
Glycosides 0.985 (0.819-1.184) 1.063 (0.842-1.342) 
Antihyperlipidemics 1.025 (0.890-1.180) 1.027 (0.855-1.232) 
Antiglaucoma 0.988 (0.821-1.189) 1.150 (0.901-1.467) 
Antidepressants 1.054 (0.914-1.215) 1.093 (0.910-1.314) 
Antipsychotics 0.915 (0.759-1.102) 1.014 (0.800-1.285) 
Anxiolytics 1.009 (0.833-1.221) 0.964 (0.754-1.233) 
Oral corticosteroids 1.102 (0.944-1.287) 1.248 (1.032-1.508)* 
Antidiabetics 1.057 (0.905-1.234) 1.109 (0.909-1.353) 
Antineoplastic 1.008 (0.838-1.212) 1.059 (0.830-1.351) 
Immunosuppressant 1.099 (0.865-1.397) 1.276 (0.908-1.794) 
Antirheumatics 1.020 (0.855-1.216) 1.103 (0.873-1.392) 
Biphosphonates 0.887 (0.758-1.039) 0.959 (0.778-1.182) 
Antigouts 1.064 (0.868-1.305) 1.277 (0.982-1.662) 
Non-opioid analgesics 1.052 (0.914-1.210) 1.065 (0.888-1.277) 
Opioids 1.155 (1.007-1.323)* 1.230 (1.032-1.466)* 
Sedatives/hypnotics 1.103 (0.952-1.278) 1.169 (0.967-1.414) 
Muscle relaxants 1.003 (0.853-1.181) 1.087 (0.877-1.347) 

3Cirrhosis and liver disease (except viral hepatitis); *p-values <0.05  
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Table 7. Multivariate Odds Ratio of Non-Adherence to Maintenance Medications Using Logistic 
Regression (Model 3) (cont.) 

  
Prevalent Use Cohort 
Odds Ratio (95% CI) 

New Use Cohort 
Odds Ratio (95% CI) 

Medication use   
Proton pump inhibitors 1.061 (0.925-1.218) 1.140 (0.954-1.363) 
Antivirals 1.036 (0.864-1.242) 1.169 (0.916-1.493) 
Cholinesterase inhibitors 1.172 (0.967-1.419) 1.073 (0.845-1.363) 
Antiparkinsonian 1.149 (0.907-1.455) 1.362 (1.000-1.855)* 
Smoking treatment 1.195 (0.983-1.453) 1.162 (0.911-1.483) 
Thyroids 0.985 (0.835-1.163) 1.012 (0.817-1.254) 
Short-acting bronchodilators 0.645 (0.600-0.693) 0.634 (0.577-0.696)* 
Respiratory antibiotics 1.109 (1.034-1.191)* 1.157 (1.06-1.262)* 

Baseline Pulmonary rehabilitation  1.061 (0.948-1.187) 
Baseline Oxygen supplementation  0.786 (0.715-0.865)* 0.733 (0.655-0.821)* 
Index COPD hospitalization 0.839 (0.766-0.920)* 0.786 (0.702-0.879)* 
Outpatient visit count, median (IQR) 1.051 (1.001-1.105)* 1.006 (0.946-1.070) 
Inpatient visit count, median (IQR) 1.000 (0.999-1.001) 1.000 (0.999-1.002) 
Days since first COPD Dx   

< 30 ref ref 
30-90 0.525 (0.486-0.566)* 0.820 (0.742-0.907)* 
90-180 0.706 (0.640-0.777)* 0.923 (0.804-1.059)* 
180-365 1.011 (0.896-1.142) 1.035 (0.889-1.206) 
>365 1.143 (1.015-1.287)* 1.051 (0.925-1.193) 

*p-value <0.05 
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6 Aim 3: Time-Varying Prediction of COPD Exacerbations 
among Medicare Older Adults Using Machine Learning 
Methods 

6.1 Abstract 

Background The super learner approach has been shown to improve prediction of death 

compared to logistic regression and other individual machine learning methods. The 

superiority of super learner over individual methods in predicting chronic obstructive 

pulmonary disease (COPD) exacerbations, however, remains unclear. This study 

compares super learner with individual approaches and examines the most important 

predictors of COPD exacerbations. 

Methods A time-varying retrospective study design of beneficiaries aged ≥65 years with 

COPD diagnoses in Medicare claims. COPD exacerbations were measured during 

months 0-12, and in three intervals (months 0-4, 5-8, 9-12) post-index. We included 80 

predictors measured in the 12-months before each interval. We trained and compared 

super learner to other machine learning approaches, including logistic regression, random 

forest, elastic net, gradient boosting, and neural network. Cross-validation was carried out 

to fine-tune model parameters and to estimate validated Area under the ROC Curves 

(AUC). 

Results Of 190,117 eligible beneficiaries, 35,088 (18.5%), 17695 (9.3%), 12,753 (6.7%), 

and 13,707 (7.2%) experienced COPD exacerbations respectively during months 0-12, 0-

4, 5-8, and 9-12 intervals. The super learner models achieved slightly better accuracy 

(AUC: 0.674, 0.681, 0.719, and 0.725 for months 0-12, 0-4, 5-8, and 9-12 intervals) 

compared to the other approaches; of these, the individual algorithm gradient boosting 

performed best, followed by neural network, and logistic regression. We also found a 
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time-variation in the associations between predictors and the exacerbation outcome. 

Baseline COPD hospitalizations, inpatient visits, oxygen supplementation, COPD 

treatment adherence, and tobacco use disorder were the most influential predictors 

associated with COPD exacerbations. 

Conclusions We observed time-varying estimates of predictive accuracy and predictor 

impacts on COPD exacerbations. The super learner model only improves prediction 

slightly compared to individual machine learning methods. The time-varying impacts of 

predictors on exacerbations underline the importance of further assessing clinical 

trajectories and their impacts on COPD outcomes. 

 

6.2 Introduction 

Chronic obstructive pulmonary disease (COPD) exacerbation is an acute onset of 

major symptoms, such as dyspnea, cough, and sputum, which are beyond normal day-to-

day variation and may require a change in COPD medications.5 COPD exacerbations 

worsen disease progression and impose substantial consequences on health, quality-of-

life, financial costs, and mortality.270 Annually, about 500,000 hospitalizations, 110,000 

deaths and total direct medical costs of over $18 billion are attributable to COPD 

exacerbations.6,7 The older COPD population is more vulnerable to exacerbations—the 

risk of exacerbations in COPD patients aged 65 or older is almost double the risk among 

younger individuals.8  

Multiple factors are known to contribute to increased COPD exacerbation 

risk.12,13,15,18,159,271,272 The strongest predictors of COPD exacerbations are markers of 

disease severity, including declining lung function (i.e., forced expiratory volume in one 
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second (FEV1)), previous exacerbations, and oxygen supplementation.12,13,15,18,159,271,272 

Adherence to COPD maintenance medications is a critical factor influencing COPD 

exacerbation outcomes.25,273 Other important contributing factors of COPD exacerbations 

include sociodemographics (e.g., age, sex, race) and clinical predictors (e.g., 

comorbidities, medications).12,13,15,18,159,271,272 

Multiple comorbidities are associated with the presence of 

COPD.12,13,15,18,159,271,272 Many published studies assessing factors of prediction of COP 

exacerbation use composite comorbidity scores182,183 or include a limited numbers of 

individual comorbidities.12,13,15,18,159,271,272 Evidence suggests that there are associations of 

specific comorbidities or medication,30,45-47,110,180,263 as well as their 

combination174,209,274,275 impacts on the risk of COPD exacerbations. Thus, there is a need 

to simultaneously assess individual comorbidities and their treatments on exacerbations 

in the COPD population.  

In 2012, the Centers for Medicare & Medicaid Services Hospital Readmissions 

Reduction Program (HRRP) was implemented in order to curb the rate of 30-day hospital 

readmissions for certain common conditions, including COPD.276 The risk-adjustment 

model in the HRRP estimates hospital readmission rate adjusted for age, sex, and co-

existing conditions.276 Related to this quality assurance purpose, medical providers 

traditionally depend on clinical symptoms and diagnoses to estimate patient prognoses 

and better manage COPD disease with effective strategies. A data-driven, systematic 

approach to optimize risk-stratification of future COPD exacerbations includes the 

application of validated predictive models, which use multiple patient characteristics to 

estimate a personalized probability of having exacerbations in a certain timeframe. Well-
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performed predictive models may provide useful tools for guiding medical doctors and 

policy makers on personalized clinical care plans, behavioral interventions, and managed 

care strategies. 

Given the applications of prediction studies, much effort has been made to 

develop and validate models to predict exacerbations in COPD patients.16,39,49-54 Evidence 

about the predictive accuracy of these models in COPD is mixed.16,49-52 Some studies 

reported low or average discrimination (AUC<0.7),16,54,277 while others found good 

accuracy (AUC>0.8).50-53,186 Improving prediction accuracy of COPD exacerbations 

remains a challenge. The low predictive accuracy of COPD exacerbations is a potential 

result of issues such as unsound statistical methods and design, lack of validation, and 

unmeasurable and omitted predictors.19,55,56 Also, COPD patients are medically complex, 

with high burdens of comorbidities and multiple treatments that change overtime, which 

can be a factor that influences predictive accuracy.33 The consideration of time-varying 

predictors, such as COPD medication adherence, variables indicating COPD severity, and 

comorbidities, has the potential to improve predictive outputs. 

Recent literature has leveraged the use of machine learning in an attempt to 

improve COPD exacerbation prediction.51,53,57 Some machine learning approaches are 

stronger tools than others in classifying patients at risk for and without future 

exacerbations.51,53 For example, several papers found that the boosting approach achieved 

the highest AUC among different classification tree approaches in predicting COPD 

exacerbations.51,57 However, Goto at el found random forest performs best compared to 

LASSO regression, gradient boosting, and neural network in predicting all-cause 

hospitalization in patients with COPD.53 In research predicting other health outcomes, 
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such as death or viral infection, super learner—an ensemble machine learning approach 

that combines individual machine learning algorithms—has been found to outperform 

component machine learning approaches, including random forest, gradient boosting, and 

neural network.58,227 Whether the super learner is superior to individual machine learning 

methods in predicting COPD exacerbations using claims data remains unknown. 

The objective of this study is two-fold. First, we compared the predictive accuracy 

of super learner with other machine learning methods in predicting COPD exacerbations 

using Medicare administrative claims data. Second, using the super learner approach, we 

sought to determine the most important predictors of COPD exacerbations. 

 

6.3 Methods 

Study Population and Design 

This retrospective cohort study used the nationally representative Medicare claims 

5% sample from January 1, 2006 to December 31, 2015. Our study cohort consisted of 

beneficiaries aged 65 years or over with a COPD diagnosis captured in claims between 

January 1, 2007 and December 31, 2014. We defined COPD diagnosis using 

International Classification of Diseases, 9th Version (ICD-9-CM) (ICD-9 codes 491.x, 

492.x, 494.x, and 496) and required at least one claim in the inpatient, skilled nursing 

facilities, or home health agency files or at least two claims in the outpatient or carrier 

files. 

The date of the first COPD diagnosis flagged between January 1, 2007 and 

December 31, 2014 was selected as the study baseline. Eligible individuals had at least 12 

months pre- and 12 months post-baseline of continuous enrollment in Medicare Parts A, 
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B, and D. We excluded beneficiaries with Medicare Advantage Plans and beneficiaries 

who died during the 12-month follow-up. Individuals were followed for 12 months after 

the study baseline (Figure 9).  

To incorporate changes of comorbidities, medications, and other predictors over-

time and their potential impacts on the predicted outcome, we designed a time-varying 

study. The 12 months post-baseline were divided into three intervals: from months 0-4 

(interval T1), months 5-8 (interval T2), and months 8-12 (interval T3). We validated 

multiple predictive models of COPD exacerbations in four different time periods: the 

entire 12-month follow-up period and the three intervals (Figure 10). 

 

 

 

 

 

 

 

 

 

 

 

  

The predicted outcome was the presence of at least one hospitalization or 

emergency department (ED) visit for COPD exacerbations. Study outcomes were 

COPD diagnosis in Medicare claims 1/1/2007-12/31/2014 

N=738,811 

 

Parts A, B, D continuous enrollment & no part C (12-month 

pre- and post-index) 

 

 Final cohort, Age 65+ 

N=190,117 

 
Figure 9 Cohort flowchart for predicting COPD exacerbations 
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measured during the entire 12-month follow-up period and the three intervals. 

Hospitalizations for COPD exacerbations were captured in inpatient claims using ICD-9-

CM codes for COPD (491.x, 492.x, 494.x, and 496) or ICD-10 codes J40, J41.x. J42, 

J43.x, J44.x, J47.x (ICD-10 was used in claims starting October 2015). ED visits for 

exacerbations were defined when there were COPD ICD-9-CM codes and at least one 

prescription for an oral antibiotic or oral corticosteroid five days before or after the ED 

visit.17  

 

 

Figure 10 Time-varying design for prediction models of COPD exacerbations 

 

Predictor Measures 

We included 80 predictors including sociodemographic variables, comorbidities, 

comorbidity treatments, COPD severity proxies (oxygen supplementation and baseline 

COPD hospitalization), and COPD treatment adherence. These predictors were measured 

during the one-year prior to study baseline and one-year prior to each of the three 

intervals. The main comorbidities included: cardiovascular diseases, digestive conditions, 
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metabolic syndromes, respiratory conditions, psychiatric disorders, smoking disorders, 

liver failure, chronic kidney disease, arthritis, and cancer (see full list in Table 8). 

Comorbidity treatments were measured as any use of medications related to the selected 

comorbidities. The selection of comorbidities and their treatments was based primarily on 

prior literature of clinically relevant conditions. 15,16,108,110,184-190   

We also assessed treatment adherence for COPD maintenance medications (long-

acting beta-agonists, long-acting antimuscarinics, and inhaled corticosteroids, alone or in 

combination), as the literature notes the importance of COPD maintenance medication 

adherence in preventing COPD exacerbations.25,273 Adherence was defined using 

proportion of days covered (PDC) during the one-year pre-index of each interval by 

summing total days supplied with maintenance medications divided by 365 days.  

Statistical Analyses 

Descriptive analyses examined baseline characteristics of the study cohort. 

Continuous variables were summarized using means (standard deviation) and medians 

(interquartile range). Frequency counts (percentage) were reported for all categorical 

predictors. Chi-square (χ2) and t-tests compared predictors between beneficiaries with 

and without COPD exacerbations. All statistical analyses were performed using SAS 

version 9.4 and R version 3.4.3.  

We compared the predictive performance of super learner to component machine 

learning approaches included in the super learner during four intervals (12-month 

following the study baseline and the three time-varying intervals T1, T2, and T3). 

Individual machine learning algorithms were selected based on several criteria: 1) 

interpretability (logistic regression), 2) potentially high accuracy (random forest, gradient 



 

80 
 

boosting, neural network), 3) no linearity and functional form assumptions required 

(random forest, gradient boosting, neural network), and 4) robust to multicollinearity and 

overfitting (elastic net regression).278,279  

We utilized five-fold cross-validation to fine-tune these individual machine 

learning algorithms. Also, to generate optimal combination of the included algorithms in 

the super learner method, ten-fold cross-validation was used. A detailed description of the 

weighting method used to generate the optimal combinations in super learner models was 

provided by Hubbard and colleagues.58 In addition, section 2.6 briefly describes 

individual machine learning methods included in this study. The implementation of super 

learner was though the R package SuperLearner.  

Area Under the ROC Curves (AUC) was the main criteria to evaluate predictive 

performance. Cross-validated AUC was reported for fully-specified models using 80 

baseline predictors. We also reported the validated AUC for the models with selected 

variables based on the corresponding elastic net regression results in each interval.  

Important Variable Measures 

We implemented the varimpact approach to examine each variable’s influence on 

the predicted exacerbation outcome. This method, called the Variable Important 

Measures (VIM), is semiparametric, i.e., it does not assume a linear relationship or other 

functional forms, and ranks the covariate list by order of importance.58,227 Each covariate 

is analyzed using targeted minimum loss-based estimation (TMLE) as though it were a 

primary independent variable, with all other variables serving as adjustment variables via 

the super learner approach. The statistical significance of the estimated risk for each 

covariate determines the variable importance ranking. 
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In addition to the VIM approach, we presented selected predictors for the three 

studied intervals using logistic regression with stepwise selection. Odds ratios (95% CI) 

were reported for logistic regression output. 

Subgroup Analyses 

We repeated the main analyses in several subgroups: (1) beneficiaries with COPD 

hospitalizations at baseline; (2) beneficiaries with oxygen supplementation at baseline; 

(3) beneficiaries with COPD treatment adherence (PDC ≥0.8) at baseline; (4) 

beneficiaries with COPD treatment adherence (PDC ≥0.8) during the 12-month follow-

up; and (5) beneficiaries in whom COPD diagnoses and exacerbation outcomes were 

defined based only on primary ICD-9-CM or IDC-10-CM diagnostic codes in claims. 

Subgroup analyses 1-4 were intended to assess the potential influence of COPD disease 

severity and COPD treatment adherence on the main findings. The final subgroup 

analysis examined the potential impact of COPD diagnosis accuracy influenced by the 

inclusion of both primary and non-primary claims. 

 

6.4 Results 

Cohort Baseline Characteristics 

The final study cohort consisted of 190,117 eligible beneficiaries with COPD 

between January 1, 2007 and December 31, 2014 (Figure 9). There were 35,088 (18.5%) 

beneficiaries who experienced COPD exacerbations during the 12-months following 

baseline. COPD exacerbations were observed in 17695 (9.3%), 12,753 (6.7%), and 

13,707 (7.2%) individuals during the first, second, and third four-month intervals, 

respectively. There were no substantial differences regarding the number of exacerbation 
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events over the 12 months follow-up (Figure 11). We mainly observed patients with one 

(n=24,095) and two exacerbation events (n=7,017) (Figure 12). 

Beneficiaries with COPD exacerbations post-baseline were more likely to be 

between 75-84 years of age, female, white, and dually Medicare-Medicaid eligible. 

Almost all measured comorbidities and respective treatments were more common among 

patients with COPD exacerbation outcomes, with the following exceptions: rheumatoid 

arthritis, other cancers, migraine and headache, and hypothyroidism. Also, beneficiaries 

experiencing exacerbations were more likely to adhere to baseline COPD maintenance 

medications. They also were more likely to have markers of more severe COPD at 

baseline, including use of supplemental oxygen, experience a COPD hospitalization, and 

greater counts of all-cause hospitalizations and outpatient visits. Baseline pulmonary 

rehabilitation was not statistically different between patients with and without 

exacerbations (Table 8). 

Prediction of COPD Exacerbations 

In the fully specified models, AUC ranged between 0.658-0.674 for models in the 

12-month period, with the logistic regression, neural network, and the super learner 

having the highest AUC of 0.674. In the first four-month period, AUC ranged between 

0.657-0.681, with super learn generating the greatest AUC (0.681), followed by the 

gradient boosting approach (0.673). In the second period, AUC was between 0.701-

0.709. Super learner had the greatest AUC (0.709) and gradient boosting was the second-

highest accurate model (AUC=0.708). In the third interval, we observed AUC between 

0.719-0.725. Similarly, the super learner (AUC=0.725) and gradient boosting (0.724) 

approaches had the highest accuracy (Table 9). 
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Table 8 Baseline Characteristics of Older Medicare Beneficiaries with COPD 

Variables Exacerbation Outcome1 

N=35,088 (18.5%) 
No Exacerbation Outcome 
N=155,029 (81.5%) 

Age (years) 
  

65-74 12288 (36.7) 59377 (37.9) 
75-84 13673 (40.8) 61816 (39.5) 
≥85 7527 (22.5) 35436 (22.6) 

Female 21600 (64.5) 103265 (65.9) 
Race  

  

White 28915 (86.3) 133555 (85.3) 
Black 2841 (8.5) 12148 (7.8) 
Hispanic 793 (2.4) 4624 (3.0) 
Others 939 (2.8) 6302 (4.0) 

Dual Medicare-Medicaid Eligibility 17360 (51.8) 63557 (40.6) 
Cardiovascular disease 

  

Stroke 5338 (15.9) 19727 (12.6) 
Acute myocardial infarction 1611 (4.8) 4820 (3.1) 
Ischemic heart disease 17304 (51.7) 66943 (42.7) 
Atrial fibrillation 8338 (24.9) 30136 (19.2) 
Heart failure 13866 (41.4) 43231 (27.6) 
Hypertension 29010 (86.6) 131834 (84.2) 
Peripheral vascular disease 10123 (30.2) 38326 (24.5) 

Respiratory condition 
  

Asthma 6896 (20.6) 28111 (17.9) 
Pulmonary hypertension 2930 (8.7) 8584 (5.5) 
Sleep apnea 2758 (8.2) 11098 (7.1) 

Psychiatric disorder 
  

Depression 7768 (23.2) 29115 (18.6) 
Anxiety 5504 (16.4) 20784 (13.3) 
Other psychotic disorder 2429 (7.3) 7887 (5.0) 

Musculoskeletal disease 
  

Osteoporosis 6287 (18.8) 31272 (20.0) 
Rheumatoid arthritis* 1635 (4.9) 7331 (4.7) 
Osteoarthritis 13175 (39.3) 60797 (38.8) 
Gout 2108 (6.3) 8552 (5.5) 
Other musculoskeletal diseases 5333 (15.9) 23970 (15.3) 

Pain condition 
  

Migraine & headache* 534 (1.6) 2500 (1.6) 
Chronic pain & fibromyalgia 15088 (45.1) 64854 (41.4) 

Cancer 
  

Lung cancer 1157 (3.5) 3408 (2.2) 
Other cancers* 7249 (21.6) 34361 (21.9) 

Metabolic disorder 
  

Hyperlipidemia 21747 (64.9) 108646 (69.4) 
Diabetes 13666 (40.8) 56433 (36.0) 
Hyperthyroid 878 (2.6) 3743 (2.4) 
Hypothyroid* 8752 (26.1) 41395 (26.4) 
Anemia 14059 (42.0) 56535 (36.1) 
Obesity 3765 (11.2) 14910 (9.5) 

Other condition 
  

Gastroesophageal reflux disease 1707 (5.1) 8340 (5.3) 
Glaucoma 4631 (13.8) 23978 (15.3) 

All p-values <0.05 except * 
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Table 8 Baseline Characteristics of Older Medicare Beneficiaries with COPD (cont.) 
 

Variables Exacerbation 
outcome 

No exacerbation 
outcome 

Other condition 
  

Viral hepatitis 2459 ( 7.3) 10165 ( 6.5) 
Chronic liver disease 339 ( 1.0) 1388 ( 0.9) 
Chronic kidney disease 9245 (27.6) 32131 (20.5) 
Hip and pelvic fractures  1277 ( 3.8) 4952 ( 3.2) 
Dementia and Alzheimer's 5568 (16.6) 21050 (13.4) 
Parkinson 965 ( 2.9) 3710 ( 2.4) 
Tobacco use disorder 5499 (16.4) 17113 (10.9) 

Medication use 
  

Antiarrhythmics 1581 ( 4.7) 5715 ( 3.6) 
Anticoagulants 5500 (16.4) 20751 (13.2) 
Beta-blockers 15412 (46.0) 67563 (43.1) 
Nitrates 6406 (19.1) 20134 (12.9) 
Vasodilators 18162 (54.2) 82277 (52.5) 
Other antihypertensions 3049 ( 9.1) 12293 ( 7.8) 
Antiplatelet 6349 (19.0) 22844 (14.6) 
Diuretics 18699 (55.8) 75352 (48.1) 
Glycosides 3257 ( 9.7) 10222 ( 6.5) 
Antihyperlipidemics 16652 (49.7) 79809 (51.0) 
Antiglaucoma 2773 ( 8.3) 13938 ( 8.9) 
Antidepressants 12635 (37.7) 48139 (30.7) 
Antipsychotics 2992 ( 8.9) 9520 ( 6.1) 
Anxiolytics 1902 ( 5.7) 6637 ( 4.2) 
Oral corticosteroids 18794 (56.1) 78188 (49.9) 
Antidiabetics 9367 (28.0) 36495 (23.3) 
Antineoplastics 1434 ( 4.3) 7431 ( 4.7) 
Immunosuppressants 470 ( 1.4) 2639 ( 1.7) 
Antirheumatics 2214 ( 6.6) 9992 ( 6.4) 
Bisphosphonates 3893 (11.6) 20090 (12.8) 
Antigouts 2147 ( 6.4) 8186 ( 5.2) 
Non-opioid analgesics 9139 (27.3) 41682 (26.6) 
Opioids 17023 (50.8) 68052 (43.4) 
Sedatives/hypnotics 4459 (13.3) 18394 (11.7) 
Muscle relaxants 3183 ( 9.5) 12712 ( 8.1) 
Proton pump inhibitors 12423 (37.1) 49987 (31.9) 
Antivirals 1384 ( 4.1) 6972 ( 4.5) 
Cholinesterase inhibitors 2854 ( 8.5) 12086 ( 7.7) 
Antiparkinsonians 1402 ( 4.2) 5021 ( 3.2) 
Smoking treatment 1395 ( 4.2) 4915 ( 3.1) 
Thyroids 6914 (20.6) 31690 (20.2) 
Short-acting maintenance medications 14989 (44.8) 50944 (32.5) 
Respiratory antibiotics 23800 (71.1) 104156 (66.5) 

COPD Medication (PDC), mean (SD) 0.23 (0.34) 0.15 (0.28) 
Pulmonary rehabilitation 6301 (18.8) 29021 (18.5)* 
Oxygen supplementation  6686 (20.0) 13932 ( 8.9) 
COPD hospitalization 5295 (15.8) 21562 (13.8) 
Number of outpatient visits, mean (SD) 43.3 (36.7) 36.5 (31.6) 
Number of inpatient visits, mean (SD) 1.0 (1.3) 0.6 (1.0) 
Notes: All p-values <0.05 except variables with *; PDC= proportion of days covered, SD=standard 
deviation 
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Figure 11 Histogram Distribution of Time since Study-Baseline to COPD Exacerbations 
Events (12-month Follow-up) 

 

 

Figure 12 Number of COPD Exacerbation Events per Patient During 12-month Follow-
up 
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In the selected models using the results of elastic net regression, AUC ranges 

were 0.648-0.653, 0.640-0.650, 0.701-0.709, and 0.707-0.715 for the 12-month follow-

up, the first interval, the second interval, and the third interval, respectively (Table 10). 

In subgroup analyses, model accuracy among all subgroups was slightly higher 

than or relatively equal to the main AUC estimates in the 12-month interval and the first 

interval; however, subgroups 1-4 had lower AUC compared to the main findings in the 

second or the third interval (Table 11). Using only primary diagnostic claims to define 

COPD exacerbations substantially improved model accuracy by 4-6% for all studied 

intervals (with only slight improvements for the third interval). 

 

Table 9 Validated AUC of Predictive Models for COPD Exacerbations Using Different Machine Learning 
Approaches (fully specified models with 80 variables) 

Algorithms 
Period to Measure Outcome 

Months 0-12 Months 0-4 Months 5-8 Months 9-12 
Logistic Regression 0.674 0.668 0.715 0.723 
Elastic Net Regression 0.673 0.657 0.713 0.721 
Random Forest 0.658 0.661 0.711 0.719 
Gradient Boosting 0.673 0.673 0.717 0.724 
Neural Network 0.674 0.664 0.711 0.723 
Super Learner 0.674 0.681 0.719 0.725 

 
 
  

Table 10 Validated AUC of Predictive Models for COPD Exacerbations Using Different Machine Learning 
Approaches (Selected Variables Based on Elastic Net Models) 

Algorithms 
Period to Measure Outcome 

Months 0-12 Months 0-4 Months 5-8 Months 9-12 
Logistic Regression 0.653 0.643 0.706 0.712 
Elastic Net Regression 0.649 0.640 0.701 0.710 
Random Forest 0.648 0.647 0.705 0.707 
Gradient Boosting 0.652 0.650 0.708 0.714 
Neural Network 0.652 0.648 0.706 0.712 
Super Learner 0.653 0.650 0.709 0.715 
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Table 11 Validated AUC of Predictive Models for COPD Exacerbations - Subgroup Analyses (Using 
logistic regression) 

Subgroup 
Period to Measure Outcome 

Months 0-12 Months 0-4 Months 5-8 Months 9-12 
COPD baseline hospitalization  0.671 0.662 0.709 0.713 
Oxygen supplementation at baseline 0.651 0.643 0.666 0.675 
COPD baseline adherent treatment 0.695 0.679 0.715 0.688 
COPD post-index adherent treatment 0.674 0.663 0.687 0.715 
Define COPD exacerbations using primary 
claims 0.718 0.693 0.761 0.720 

 

 

Important Predictors  

Figure 13 presents the most important predictors of COPD exacerbations assessed 

in each of the three intervals, respectively. There was slight variation in the risk estimates 

(the impact of a predictor on the outcome) in the three intervals, as well as the set of 

included predictors. The variation of predictor impacts between the three periods suggests 

potential time-varying effects of these variables. 

Index COPD hospitalization, number of inpatient visits, oxygen supplementation, 

baseline COPD treatment adherence, and tobacco use disorder were predictors with the 

most influence on predicted COPD exacerbations across all time intervals. This group of 

predictors was followed by several important comorbidity predictors, including ischemic 

heart disease, heart failure, chronic kidney disease, peripheral vascular disease, 

hypertension, obesity, and hyperlipidemia. Important socio-demographic predictors 

included dual Medicare-Medicaid eligibility, race, and sex. Finally, several important 

treatment predictors of COPD exacerbations included short-acting bronchodilators, 

nitrates, opioids, antidepressants, corticosteroids, beta-blockers, respiratory antibiotics 

use, and antihyperlipidemics. 
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There are some differences in the association direction (e.g., increase or decrease 

in risks/odds) and the rank of predictors between super learner and logistic regression 

findings (Figure 13). Logistic regression stepwise models retained some additional 

predictors (i.e., lung cancer, pulmonary hypertension, pulmonary rehabilitation, 

antiparkinsonians, obesity) compared to the VIM method. There was relative consistency 

between the VIM and logistic regression models regarding variables with strongest 

associations with predicted COPD exacerbations, such as index COPD hospitalization, 

oxygen supplementation, inpatient visit count, tobacco use disorder, COPD medication 

adherence, short-acting bronchodilators, and heart failure. In both VIM and logistic 

regression analyses, the associations of important predictors with exacerbations slightly 

changes over different studied intervals. 

 

6.5 Discussion 

In a nationally representative sample of older Medicare beneficiaries with COPD, 

we implemented a time-varying design and compared the ensemble super learner with 

individual machine learning approaches. In predicting COPD exacerbations, the super 

learner generally achieved higher accuracy or as high as the best individual machine 

learning algorithms, including logistic regression, elastic net regression, random forest, 

gradient boosting, and neural network. The improved AUC by super learner over other 

methods was not substantial. Individual machine learning algorithms with the best 

accuracy included the gradient boosting, neural network, and logistic regression. The 

random forest and elastic net regression generated the lowest predictive accuracy in all 

studied intervals. The predictive accuracy achieved by the super learner and individual 



 

89 
 

approaches was average (<0.8), suggesting a continuing need to improve COPD 

exacerbation prediction in Medicare claims. Such improvement could be explored 

through the employment of a different dataset with laboratory measures that were 

unmeasurable in my data, or the applying of time-varying machine learning methods such 

as long-short term memory or recurrent neural network.280  

We observed variation in predictive accuracy over the three intervals post-index 

(months 0-4, 5-8, and 9-12). One factor that can contribute to such findings is the actual 

time-dependent impacts of clinical factors such as COPD treatment, comorbidities, and 

comorbidity medications on COPD exacerbation risk. The medical complexity of COPD 

patients attributable to high comorbidity burden has been well documented.257 Previous 

studies also have highlighted distinct time-dependent trajectories of clinical and socio-

demographic characteristics among COPD patients.281,282 It is understandable that 

changes of important clinical factors over time can have varying predictive impacts on 

the prognoses of COPD exacerbations.  

Our validated predictive accuracy of COPD exacerbations falls within the 

accuracy ranges of previous predictive studies in the published literature.16,50-54 Some 

studies had higher discrimination than our study16,50,51 while other studies show 

equivalent or lower accuracy estimates.39,49,277 Those studies with higher AUC (>0.8) 

compared to our study may be due to differences such as in follow-up time,  in studied 

COPD populations,53,186 and the inclusion of important laboratory variables that are 

unmeasurable in our data.50 Generally, prior literature shows that machine learning and 

advanced statistical approaches are not guaranteed to achieve improved predictive 
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performance; instead, such improvement may depend on the accuracy and adequacy of 

measured predictors.283 

Interest in exploring whether machine learning can exceed traditional regression 

in predicting health outcomes continues to grow.51,53,57,162 We found only small 

improvements from the super learner and individual machine learning algorithms over 

logistic regression. This likely suggests trivial impacts of issues such as functional forms 

and linearity assumptions on the predicted values of COPD exacerbations, at least in the 

context of predicting the outcome using Medicare claims. As expected, gradient boosting 

generally performed better than the remaining individual machine learning algorithms 

because this method is more mathematically complex and is intended for predictive 

accuracy augmentation of high-dimensional data.284 The relatively similar accuracy of 

logistic regression with other strong-learner (i.e., more likely to have higher accuracy) 

algorithms may indicate that the relationships between the outcome (COPD 

exacerbations) and the predictors can be approximated by a linear function in our data. In 

such case, advantages of super learner over logistic regression, however, are the account 

for mixed multiple exposures (e.g., predictors) and interactions among them.285 

In contrast to our findings, prior prediction studies for other health outcomes, such 

as death,58 found a greater AUC gain (2-5%) in the application of super learner. Besides 

the fact that some outcomes are easier to predict than others, the accuracy of super learner 

and other machine learning approaches is conditional on predictor measurement accuracy 

and the measurability of variables important to COPD exacerbations.283 A potential area 

of interest for future studies is to validate the influences of claims data measurement error 

on the predictive performance of super learner and other machine learning methods. 
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This study extended predictive model validation by the analysis of the most 

important predictors using VIM via the super learner. Machine learning methods that are 

more likely to have higher accuracy such as gradient boosting and neural network often 

come at the cost of model interpretability. Our approach can incorporate the advantages 

of strong machine learning algorithms, such as the account for multiple predictors, 

variable interactions, and variable collinearity, while maintaining the possibility to 

estimate relative predicted risks (the interpretability) of predictors. The VIM approach 

only identifies important predictors of predicted COPD exacerbations and should not be 

interpreted similarly as causal reference. 

Our results are generally consistent with previous work on the important 

predictors of COPD exacerbations. 12,13,15,18,159,271,272 Proxies of COPD severity, such as 

index COPD hospitalization and oxygen supplementation, remained the most important. 

Also, COPD medication adherence had one of the strongest association to the outcome. 

These findings highlight the crucial roles of early COPD diagnosis and adherence, as well 

as other necessary management and prevention strategies to slow disease progress of 

COPD. Compared to the logistic regression findings, however, the VIM method did not 

select some predictors that was found in the literature to be associated with exacerbation 

outcome, such as lung cancer, pulmonary hypertension, and pulmonary 

rehabilitation.286,287 This discrepancy could arise from the insignificant contribution of 

these variables to predicted values of COPD exacerbations, an association which is 

different from causal associations. Also, such discrepancy may simply be an indication 

that the predictive model selection using the VIM method is not equivalent to causal 

model selection, and should only be used for hypothesis exploration. 
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Our results also demonstrate the strong association of tobacco use disorders with 

exacerbations. Prevention of tobacco use and controls for tobacco use disorders prior to 

and after COPD diagnosis remains a significant strategy among the overall strategies to 

manage COPD.31 Finally, our study updates previous literature with a more 

comprehensive list of individual comorbidities and treatments as the most important 

predictors of COPD exacerbations (i.e., heart disease, heart failure, chronic kidney 

disease, peripheral vascular disease, hypertension, obesity, and hyperlipidemia, short-

acting bronchodilators, nitrates, opioids, antidepressants, corticosteroids, beta-blockers, 

respiratory antibiotics use, and antihyperlipidemics). Indeed, the strong association of 

inpatient visits on predicted exacerbation risk suggests a possible combined impact of 

multiple comorbid conditions. However, these findings are explanatory and not causal 

inferences. Multiple comorbidities and treatments in COPD patients and their causal 

impacts on COPD outcome is a critical area that warrants further investigation. 

The prevention of exacerbations continues to be a key goal in managing COPD. 

Our study provides a foundation for the continuing effort aimed at curbing and reducing 

COPD exacerbations and re-hospitalization. Highly accurate predictive models can bring 

crucial insights for individualized clinical management and behavioral interventions of 

these important goals while guiding the minimization of healthcare and economic 

burdens attributable to COPD exacerbations. 

Important strengths of our study include the use of large-generalizable data and 

the comprehensive approach that utilized advanced statistical methods, a time-varying 

design, and the comprehensive consideration of individual comorbidities and their 

treatments. Our study is subject to several limitations. First, our study is prone to 
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measurement errors when defining the predictors using Medicare claims data. The 

subgroup analysis using primary ICD-codes in claims for COPD diagnoses improved 

prediction accuracy, suggesting that diagnostic error may be a critical issue affecting our 

model performance. Second, this study lacks important laboratory variables, especially 

those assessing lung function, of COPD exacerbations that are unmeasurable in claims. 

We operationalized several subgroup analyses to examine variation in predictive 

accuracy among COPD patients with disease severity proxies (i.e., oxygen 

supplementation, prior COPD hospitalization) and patients with pre- and post-baseline 

COPD medication adherence but did not find substantial differences. Third, medication 

fills in claims were assumed to be used by COPD patients but such use cannot be verified 

in claims data. Finally, mortality may play a role as a competing risk outcome of COPD 

exacerbations; future studies may wish to consider building competing-risk predictive 

models. 

 

6.6 Conclusions 

This study presents a time-varying design and found that the super learner holds a 

slight advantage over individual machine learning methods in predicting COPD 

exacerbations, including logistic regression, elastic net regression, random forest, 

gradient boosting, and neural network. We documented variation in predictive accuracy 

over time and highlighted time-dependent associations between baseline predictors and 

COPD exacerbations. Important predictors of COPD exacerbations were extracted, 

including proxy variables of COPD severity (index COPD hospitalization, oxygen 

supplementation), COPD treatment adherence, inpatient visit count, and specific 
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comorbidities and their treatments. Findings are foundational for the continuing effort to 

improve COPD exacerbation prediction and to optimize risk-stratification of COPD 

patients for individualized clinical management and interventions. 
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                            Figure 13 Variable important measure of COPD exacerbations 
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7 Conclusions, Implications, and Future Research 

7.1 Summary of Findings  

Excessive comorbidity burden continues to provide a clinical challenge to older 

adults living with COPD.288 Comorbidities are among the most important factors that 

contribute to reduced health status, increased hospitalizations, exacerbations, health care 

costs, and mortality among patients living with COPD. 107-11 In addition, living with 

multiple conditions also exposes COPD patients to increased risk of adverse events due 

to drug-drug, drug-disease, and disease-disease interactions.289 Building upon the existing 

literature of Medicare older adults with COPD,121,142 this study examined a more 

comprehensive list of clinically relevant comorbidities and quantified patterns of 

comorbidity prevalence and new diagnoses rates over time. Consistent with previous 

findings,125 Aim 1 found that the presence of COPD was associated with increased odds 

of all 40 clinically relevant comorbidities that were measured. In this study, comorbidities 

that were most prevalent in patients with COPD included cardiovascular diseases, 

metabolic conditions, psychiatric disorders, arthritis, and respiratory conditions. The 

study also expanded on previous literature with important evidence about the time-

dependent increases of comorbidity prevalence and incident rate measures. These 

findings are foundational for the approaches being implemented in the second and third 

aims of this dissertation, including guiding the predictor measures and the time-varying 

study design.  

While treatment adherence is mandatory for COPD patients who initiate 

maintenance medications (MMs), underuse of and non-adherence to MMs is common 

and remains a significant problem among the older COPD population.261 In this study, 
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69.8% and 84.4% of prevalent and new users of MMs were non-adherent, respectively. 

Adherence to COPD medications is crucial because of their potential positive impact on 

outcomes among patients living with COPD, such as reduced exacerbations and 

hospitalizations, slowed disease progression, and prevention of death. 23-29  

Aim 2 is the first study to develop and validate predictive models of one-year 

non-adherence in both prevalent and new users of inhaled MMs. Generated predictive 

models of MM non-adherence among Medicare enrollees with COPD achieved good 

discrimination (AUC: 0.871-0.881) when initial (first quarter) MM adherence was 

included as a predictor. This finding is important and provides a foundation for future 

work assessing factors that influence early adherence to MMs. This study also found no 

differences of validated predictive models in two separate cohorts with prevalent and new 

use of MMs. The separate validation of predictive models among new and prevalent users 

of MMs strengthens reliability of our findings given the shortcomings of claims data in 

defining new medication use. 

Aim 2 also confirms findings in previous literature regarding other important 

predictors of non-adherence to COPD MMs, including socio-demographic factors (race 

and Medicare-Medicaid dual eligibility), specific comorbidities (i.e., cardiovascular 

disease, asthma, cancer), specific comorbidity treatments (e.g., opioids, Parkinson 

treatments, and short-acting bronchodilators), and indications of COPD severity. 

Analyses of variable importance in Aim 2, however, suggest the impacts of the most 

important comorbidities and their treatments on predictive values of MM non-adherence 

(variable-specific AUC estimates were close to 0.5) are not as strong as predicted in my 

initial hypotheses. However, such observation is justifiable given the dominant predictive 
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effects of initial MM adherence and the presence of unmeasurable predictors (such as 

COPD severity) on the MM non-adherence outcome.  

Exacerbations remain one of the most significant issues among the COPD 

population, causing 500,000 hospitalizations and 110,000 deaths annually in the United 

States.6,7 Extensive research has been made to predictive probability of COPD 

exacerbation events for guiding treatment regimens and interventions.16,39,49-52,54 There 

also is increasing interest in applying machine learning methods to optimize accuracy of 

COPD exacerbation.51,53,57 Improving the prediction accuracy of COPD exacerbations has 

been a challenge due to the complex disease trajectories and the multiple factors that can 

affect the outcome. Aim 3 builds upon efforts in current research by incorporating a time-

varying design, a comprehensive list of predictors measurable in claims, and a 

comparison of advanced machine learning approaches to predict COPD exacerbations.  

Findings of the predictive models for COPD exacerbations indicate differences in 

model performance over time. Overall, validated predictive models gain average 

accuracy (AUC: 0.650-0.761). Although I hypothesized that the super learner method 

would be superior to individual models, the method provided small improvement in 

predictive accuracy compared to individual algorithms. Similar to prior studies,51,53,57 

gradient boosting and neural network were among the best-performing individual 

algorithms. Unexpectedly, logistic regression also produced accurate predictions similar 

to super learner, gradient boosting, and neural network methods, indicating the potential 

usability and preference of this approach over more complex algorithms in future 

research.  
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The robustness of the main findings was validated through the implementation of 

several subgroup analyses (with baseline COPD hospitalizations, oxygen 

supplementation, COPD treatment adherence; post-baseline COPD treatment adherence; 

and with primary ICD-9-CM or IDC-10-CM diagnostic codes in claims to define COPD 

exacerbation outcomes). These subgroup analyses indicate that COPD disease severity 

and using primary versus non-primary claims to define COPD may be important factors 

in developing predictive models for COPD exacerbations. 

Finally, the most influential predictors included proxy variables for COPD 

severity (baseline COPD hospitalization, oxygen supplementation), COPD treatment 

adherence, inpatient visit count, tobacco use disorder, and specific comorbidities and 

their treatments. Consistent with the hypothesis, the associations of these variables with 

exacerbations outcomes were time varying. Specially, there were changes in the 

associations (i.e., relative risk difference) of the most important variables with the 

exacerbation outcome over the studied periods. Important variables were analyzed via 

VIM approach using the super learner method, which has the ability to account for high-

dimensional data (i.e., data with multiple predictors), multi-collinearity between 

predictors, and their interactions. These findings can inform future efforts aimed at 

augmenting the prediction of COPD exacerbations utilizing advanced approaches for 

time-varying data. 

 

7.2 Implications 

The Global Initiative for Chronic Obstructive Lung Disease (GOLD) guidelines 

have identified comorbidities and medication adherence as essential factors influencing 
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COPD severity and disease progression.31 Our results on the high burden and co-

occurrence of multiple comorbidities emphasize the importance of refining treatment 

priorities and the incorporation of multiple-disease perspectives in developing clinical 

guidelines for medically complex patients with COPD. It also is necessary that treatment 

management for clinically medical complex COPD patients adopts a patient-centered 

strategy to optimize outcomes. Additionally, healthcare leaders should reconsider their 

roles in facilitating care coordination across providers such as primary care physicians, 

specialists, and pharmacists to comprehensive address the high comorbidity burden 

associated with COPD.  

Accurate prediction models of non-adherence and exacerbation may provide 

insights needed to facilitate change in the treatment and management of COPD patients 

across multiple areas of the public health and healthcare systems. First, medical providers 

may utilize predictive models as a base from which to risk-stratify their patients in order 

to provide personalized patient-provider communication and clinical care plans. Second, 

predictive models can aid managed care organizations to identify effective interventions 

and to guide decision-making to meet their quality metrics. Third, individuals with high 

risk of non-adherence or exacerbations can be targeted for behavioral interventions, such 

as techniques and therapies focused on dysfunctional emotions or interventions to 

promote healthy lifestyles,290 to prevent future consequences, and save financial 

resources. Predictive models also can inform and optimize resource allocation to ensure 

that populations with high risks are identified and their need are addressed. Finally, 

associations found in predictive models can be used to generate further hypotheses that 
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test causal relationships and the interactions between comorbidities, their treatments, and 

COPD outcomes. 

From the quality assurance perspective, predictive models of COPD medication 

adherence and exacerbations may be employed to update current risk estimation models 

used for current quality metrics. These quality metrics include the Centers for Medicare 

& Medicaid Services Hospital Readmissions Reduction Program (HRRP), which is used 

to penalize hospitals for frequent readmissions of COPD. Risk-adjustment models in the 

HRRP estimate readmission adjusted for age, sex, and co-existing conditions, then 

compared with the national average, are likely inadequate compared to fully validated 

predictive models of exacerbations.291 Robust validated predictive models should be 

adopted in practice to inform quality measure program. Adopting friendly tools can 

leverage usability of predictive models and assist clinical providers in examining 

patient’s prognosis, their risk of exacerbation, and their respective optimal care plans.  

Finally, the role of predictive models within regulatory processes is evolving. In 

2019, the Food and Drug Administration (FDA) first issued a guidance on the utilization 

of prognostic studies for enrichment to increase efficiency and enhance risk-benefit 

relationships in clinical trials.292 The guidance is general and is disease non-specific. A 

more comprehensive guidance that is COPD-specific by the FDA is necessary given the 

potential differences of predictive models for COPD outcomes from other outcomes. 

 

7.3 Strengths 

This study utilized large real-world Medicare data that are nationally 

representative of older adults with COPD in the United States. The use of this large data 
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set facilitates generalizable estimates of comorbidities in Medicare beneficiaries with 

COPD. Also, the large data sample allows for the robust validation of prediction models 

using machine learning methods for which small sample-size studies are not adequately 

powered. 

Additional important strengths of this study are the comprehensive approaches 

and the expansion to clinically relevant comorbidities and medications in all three aims. 

The approach in Aim 1 illustrated comorbidity prevalence and new rates at multiple 

timeframes. The second aim evaluated various scenarios of predictor sets in both 

prevalent and new user cohorts of MMs. The Aim 2 approach facilitated the exploration 

of potential issues related to imperfect measures of new medication fills in claims. This 

research improves upon prior studies by including a comprehensive list of individual 

comorbidities and their treatments relevant for the prediction of COPD exacerbations. 

Finally, the time-varying design employed in Aim 3 allowed for assessment of changes in 

the roles of predictors over multiple intervals. Collectively, these approaches strengthen 

the reliability and robustness of the findings. 

This study continues the previous efforts of researchers applying advanced 

methods aimed at improving COPD exacerbation prediction. We operationalized super 

learner, a novel machine learning method with major advantages: 1) it overcomes major 

assumptions (linearity, functional forms) of traditional parametric models; 2) it is proven 

to perform better than or just as well as individual approaches included in the super 

learner approach; and 3) it is a method which can handle collinear predictors and 

interactions.  
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Results of this study are foundational for future research in assessing different 

machine learning methods and in extending the work to more innovative algorithms that 

handle time-varying prediction. In the area of COPD, machine learning could be assessed 

for utility in research of drug-drug, drug-disease, or disease-disease interaction. 

 

7.4 Limitations and Future Research 

This study is subject to several limitations. First is the limitation of claims data to 

measure some variables in our study. Despite the widespread use of ICD-9-CM codes to 

identify COPD exacerbations, these diagnoses codes have low accuracy, low sensitivity, 

and low specificity in defining comorbidities and COPD diagnoses.293,294 The potential 

influences of COPD diagnosis measure issues were examined in subgroup analyses. 

Results suggested that diagnosis accuracy (sensitivity and specificity) for COPD 

diagnosis in claims may influence our main findings. For example, when defining COPD 

with primary diagnosis claims, sensitivity of COPD diagnosis increases while specificity 

increases, leading to the increases our prediction accuracy. In addition, misclassification 

of other comorbidities or predictors due to errors in diagnostic coding may bias our 

findings. Future research should further examine how predictive models vary based on 

differences in variable measurement errors.  

Also, the inability to account for unmeasurable comorbidities and other important 

variables present a common issue in claims data. Specifically, COPD severity cannot be 

directly identified in claims as laboratory findings, such as pulmonary tests (i.e., FEV1 

spirometry tests), are not available. We attempted to mitigate the effects of this limitation 

by using proxy measures of COPD severity, such as oxygen supplementation and 
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baseline COPD hospitalization, which have been used in other claims-based 

observational studies.28,174,180,263 Other important unmeasured variables include quality of 

life, frailty, BMI, social determinant factors of health, and behavioral variables. Not 

accounting for these unmeasured variables might bias study findings and may affect the 

accuracy of prediction models. Research using other data sources that captured 

unmeasured variables in our study is warranted to supplement our findings. 

Another potential limitation of claims data is that medication use is assumed to be 

prescriptions filled in claims, although we cannot validate this assumption. Our measures 

may not reflect actual use if patients skip using after filling the medications or use non-

reimbursed drugs.  

The second limitation of this research concerns the potential of discontinuous 

enrollment in Medicare plans or death to influence comorbidity estimates in Aim 1. 

Performed subgroup analyses in COPD patients with continuous enrollment for at least 

12 months, however, suggest some but unsubstantial effects of missing data on main 

findings. Similarly, in Aims 2 and 3, inclusion criteria of Medicare continuous enrollment 

were applied so missing data was not an issue. Thus, the generated predictive models in 

this study are only generalizable to individuals with continuous enrollment. Time-to-

event models that assess the impact of discontinuous enrollment and censored data on the 

prediction of COPD treatment and exacerbation should be further explored and validated.  

Third, potential competing risks of death and COPD exacerbations may affect 

study findings.295 Patients with more severe COPD exacerbations are more likely to 

die.296 In our study, we excluded individuals with death during follow-up which may 

lower the discrimination in our predictive studies by making the two classification groups 
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(exacerbation versus non-exacerbation) more similar. Accounting for competing risks in 

predictive modeling is an evolving topic for future research. 

Finally, Aim 3 utilized a time-varying design which attempted to explore varying 

impacts of predictors on exacerbations over the studied intervals. When there is a 

presence of time-varying effects, machine learning approaches, including the super 

learner and the component approaches, may not be robust to such issue. An area that is 

warranted for future work is to use algorithms, such as long-short term memory and 

recurrent neural network, to examine time-varying prediction. 

 

7.5 Overall Conclusions 

This research first examined patterns of the prevalence of and newly diagnosed 

rates in COPD patients in Medicare. The study found that the comorbidity burden is 

substantial in this population. Second, we developed predictive models of COPD 

medication non-adherence and exacerbation; generated models achieved good (AUC 

>0.8) and average (AUC=0.65-0.75) discrimination, respectively. COPD hospitalization, 

oxygen supplementation, COPD treatment adherence, and numbers of inpatient visits 

were the most important predictors of medication non-adherence and exacerbations 

among COPD patients. Findings demonstrated a slight improvement of the super learner 

approach compared with other component machine learning methods. Robust predictive 

models may be useful tools for identifying high-risk individuals and optimizing resources 

for personalized management and interventions of COPD. 
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8 Appendices 

 

   Appendix 1. GOLD classification of airflow limitation severity in COPD 

In Patients with FEV1/FVC <0.70 
Stages Classification Definition 
GOLD 1 Mild FEV1 ≥ 80% predicted 
GOLD 2 Moderate 50% ≤ FEV1 < 80% predicted 
GOLD 3 Severe 30% ≤ FEV1 < 50% predicted 
GOLD 4 Very severe FEV1 < 30% predicted 
Source: GOLD pocket guideline 2019 

 

 

Appendix 2. Frequency of the Most Common Co-existed Comorbidities at One-Year Post COPD Onset 
(n=739,118) 
Co-Existing Conditions Frequency (%) 
Three Conditions  
Hypertension – Hyperlipidemia -Anemia 263366 (35.6) 
Hypertension –Hyperlipidemia - Arthritis 239200 (32.4) 
Hypertension – Anemia - Arthritis 212861 (28.8) 
Hypertension – Anemia - CHF 217612 (29.8) 
Hypertension – Hyperlipidemia - CHF 203959 (27.6) 
Hypertension – Hyperlipidemia - Diabetes 194230 (26.3) 
Hyperlipidemia – Anemia - Arthritis 179553 (24.3) 
Hyperlipidemia – Anemia - CHF 156155 (21.1) 
Hypertension – Arthritis - CHF 158248 (21.4) 
Four Conditions  
Hypertension – Hyperlipidemia –Anemia- Arthritis 170863 (23.1) 
Hypertension – Hyperlipidemia –Anemia- Diabetes 135677 (18.4) 
Hypertension – Hyperlipidemia – Diabetes - Arthritis 115800 (15.7) 
Hypertension – Hyperlipidemia –Anemia- CKD 105420 (14.3) 
Hypertension – Anemia – Diabetes - Arthritis 102190 (13.8) 
Hypertension – Hyperlipidemia –Anemia - PVD 100982 (13.7) 
Hypertension – Anemia – Arthritis – CKD 88220 (11.9) 
Hypertension – Anemia- Arthritis - PVD 83601 (11.3) 
Hypertension – Hyperlipidemia – Arthritis - PVD 80450 (10.9) 
Five Conditions  
Hypertension – Hyperlipidemia –Anemia- Arthritis - CHF 103235 (14.0) 
Hypertension – Hyperlipidemia –Anemia- Diabetes - CHF 90084 (12.2) 
Hypertension – Hyperlipidemia –Anemia- Arthritis - Diabetes 89892 (12.2) 
Hypertension – Hyperlipidemia –Anemia- CKD - CHF 78902 (10.7) 
Hypertension – Hyperlipidemia –Anemia – PVD - CHF 71045 (9.6) 
Hypertension – Hyperlipidemia –Anemia- Arthritis - PVD 71028 (9.6) 
Hypertension – Hyperlipidemia –Anemia- Arthritis - CKD 70341 (9.5) 
Hypertension – Anemia- Arthritis – Diabetes - CHF 69451 (9.4) 
Hypertension – Anemia- Arthritis – CKD - CHF 62241 (8.4) 

AMI: acute myocardial infarction, CHF: coronary heart disease, PVD: peripheral vascular disease, CKD: 
chronic kidney disease 
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Appendix 3. Prevalence and Newly Diagnosed Rates of Comorbidities in Older Medicare Beneficiaries 
with COPD and 24 Months Continuous Enrollment in Parts A & B (n=225,996) 
  Prevalence5 Newly Diagnosed Rate  

(Per 100 person-year) 
Comorbidities At COPD 

Onset 
At One Year 
After COPD 

onset 

One Year  
Pre-COPD* 

One Year 
Post-COPD* 

Cardiovascular diseases     
 

  
Atrial fibrillation     19.1 22.9 5.9 5.4 
AMI 6.2 7.8 2.3 2.5 
CHF 38.3 44.2 15.6 11.6 
Stroke 18.2 21.0 4.6 3.9 
Hypertension 84.9 89.2 37.6 39.5 
PVD 25.9 31.7 7.2 8.5 

Respiratory conditions       
Asthma 5.6 20.4 5.2 6.4 
Lung cancer 2.4 3.5 1.4 1.6 
Cystic fibrosis 1.0 1.3 0.2 0.3 

Psychiatric disorders       
Depression 31.2 36.6 7.7 9.0 
Anxiety 17.1 21.5 4.7 6.4 
Other disorders1 5.5 6.3 1.7 2.1 

Musculoskeletal diseases            
Osteoporosis 23.3 26.3 4.23 4.6 
Arthritis2 56.2 61.8 13.5 11.9 
Multiple sclerosis 0.4 0.5 0.1 0.1 

Pain-related conditions       
Chronic pain & fibromyalgia 18.9 22.6 4.2 5.1 
Migraine 2.8 3.2 0.5 0.5 

Metabolic disorders       
Hyperlipidemia 75.7 80.7 24.5 24.8 
Diabetes 38.1 41.7 7.5 7.1 
Hypothyroid 24.5 28.0 5.1 5.5 
Anemia 57.0 64.9 19.4 21.1 
Obesity 14.0 17.2 4.3 4.8 

Other conditions       
Dementia 16.6 20.6 5.5 5.8 
Ulcer 10.0 13.2 2.8 4.1 
Glaucoma 21.5 23.2 2.3 1.9 
CKD 26.0 32.2 10.6 10.9 
Tobacco use disorder 14.5 18.2 6.3 7.0 
Other cancer3 16.1 17.8 3.1 2.6 
Hip fracture 5.0 6.2 1.8 2.0 
TBI 1.0 1.4 0.3 0.4 
Hepatitis 1.2 1.4 0.2 0.3 
Liver diseases4 7.0 9.0 1.9 2.5 
HIV/AIDS 0.1 0.2 0.03 0.02 

AMI: acute myocardial infarction, CHF: coronary heart disease, PVD: peripheral vascular disease, CKD: 
chronic kidney disease, TBI: traumatic brain injuries. 1ADHD, bipolar disorders, epilepsy, schizophrenia 
2Rheumatoid arthritis, osteoarthritis; 3Breast cancer, leukemia, endothelial cancer, colorectal cancer, and 
prostate cancer; 4Cirrhosis and other liver diseases except hepatitis; 5Prevalence was estimated at two time 
points: prior to COPD onset and at one-year following COPD onset, using all available lookback to January 
1st, 1999. 
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Appendix 4. Predictive Performance of One-year Non-Adherence to Inhaled Long- and Short- Acting 
COPD Medications among Medicare Beneficiaries with COPD 

Model Specification Prevalent Use Cohort 
N=26,512 

New Use Cohort 
N=48,561 

AUC PPV NPV AUC  PPV NPV 
Model 1: Demographics + 0.648 0.802 0.333 0.644 0.886 0.000                  Comorbidities + treatments 
Model 2: Demographics + 

0.712 0.829 0.642 NA NA NA                  Comorbidities + treatments + 
                 Baseline COPD adherence 
Model 3: Demographics + 

0.871 0.881 0.559 0.897 0.899 0.546                  Comorbidities +treatments + 
                 Initial MM adherence 
AUC: area under the ROC curve, PPV: positive predictive value, NPV: negative predictive value 
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Appendix 5. ICD-9 Codes of Comorbidity Diagnoses 
 
Comorbid Conditions ICD-9 codes 
Cardiovascular disease  
Stroke  430, 431, 433.x1, 434.x1, 435.0, 435.x, 436, 997.02 
Atrial fibrillation 426.0, 4426.13, 426.7, 426.9, 426.10, 427.0-427.4, 427.6-

427.9, 785.0, 996.01, 996.04, V45.0, V53.3 
Acute myocardial infarction 410.x 
Ischemic heart disease 411.x- 414.x 
Heart failure  398.91, 402.01, 402.11, 402.91, 404.01, 404.03, 404.11, 

404.13, 404.91, 404.93, 425.4-425.9, 428.x 
Hypertension 362.11, 401.x-405.x, 437.2 
Peripheral vascular disease 440.x, 443.1, 443.8, 443.81, 443.82, 443.89, 443.9 
Respiratory condition  
Asthma 493.x 
Pulmonary hypertension 416.x 
Obstructive sleep apnea 786.03, 786.04,780.51, 780.53, 780.57, 327.20, 327.21, 

327.23, 327.25, 327.27, 327.29 
Pulmonary fibrosis 516.3 
Mental disorder  
Depression 296.20-296.26, 296.30-296.36, 296.51-296.56, 296.60- 

296.66, 296.89, 298.0, 300.4, 309.1, 311 
Anxiety  293.84, 300.00-300.02, 300.09, 300.10, 300.20-300.23, 

300.29, 300.3, 300.5, 300.89, 300.9, 308.0-308.4, 308.9, 
309.81, 313.0, 313.1, 313.21-313.3, 313.82, 313.83 

ADHD 312.x, 314.00, 314.01, 314.1, 314.2, 314.8, 314.9 
Bipolar 296.x 
Schizophrenia 295.x 
Epilepsy 345.x 
Gastrointestinal disease  
Gastroesophageal reflux (GERD) 530.11 
Musculoskeletal disease  
Osteoporosis 733.00-733.03, 733.09 
Rheumatoid arthritis 714.0 
Osteoarthritis 715.x 
Gout 274.0, 274.1, 274.8, 274.9 
Multiple sclerosis & connective tissue 
disorders 

701, 710.x, 711.x, 716.x, 720.x, 721.x, 738.4, 756.11, 446.4, 
L940 

Pain-related condition  
Migraine & headache 339.x, 346.x,  
Chronic pain & fibromyalgia 338.x, 780.7, 780.71, 729.1, 729.2  
Metabolic disorders  
Hyperlipidemia 272.0-272.1 
Diabetes 249.x0, 249.x1, 250.x, 357.2, 362.01- 362.06, 366.41 
Hyperthyroidism 242.x 
Hypothyroidism 240.9, 243.x, 244.x, 246.1, 246.8 
Obesity 278.0, 278.00, 278.01, 278.03, V85.3, V85.x, V85.4, V85.41-

V85.44, V85.45 
Anemia 280.x- 285.x 
Cancer  
Lung cancer 162.2, 162.3, 162.4, 162.5, 162.8, 162.9, 231.2, 325.9, 239.1, 

V10.11 
Other cancers 140.x-161.x, 163.x-175.x, 180.x-197.x, 199.x, 235.x-239.x 
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Appendix 5. ICD-9 Codes of Comorbidity Diagnoses (cont.) 
 
Comorbidity Conditions ICD-9 Codes 
Other conditions  
Tobacco use disorder DX 305.1, 649.00, 649.01, 649.02, 649.03, 649.04, 989.84 

HCPCS Codes: 99406, 99407 
Hepatitis  070.x, V02.6, V02.60, V02.61, V02.62, V02.69 
Liver failure 570, 571.x-573.x, 573, 429.1, 449.1, 549.1, 960.6,V.427 
HIV 042.x-044.x, 079.53, 795.71, V08 
Glaucoma 362.85, 365.xx, 377.14 
Cystic fibrosis 243, 255.2, 269.2, 270.1-270.4, 270.6, 270.7, 271.1, 277.0, 277.00, 

277.01-277.03, 277.09, 277.6, 277.81, 277.85 
Chronic kidney disease 403.01, 403.11, 403.91, 404.02, 404.03, 404.12, 404.13, 404.92, 404.93, 

582.x, 583.0-583.7, 585.x, 586.x, 588.0, V42.0, V45.1, V56.x 
Hip fractures 733.14, 733.15, 733.96-733.98,, 808.xx, 820.x 
Alzheimer’s and dementia 331.0, 331.11,  331.19, 331.2, 331.7, 290.0, 290.10-290.13, 290.20, 

290.21, 290.3, 290.40-290.43, 294.0, 294.10, 294.11, 294.20, 294.21, 
294.8, 797 

Parkinson’s 332.0 
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