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Background: Polypharmacy is a growing issue that affects individuals of all ages yet is most
prevalent among patients aged 65 and older with chronic comorbidities. Although integral to
most treatment plans, pharmaceutical intervention may negatively impact one’s health when five
or more medications are taken daily. Given the concurrent rise in elderly population and
polypharmacy prevalence, it is vital that we better understand the impact that concomitant
medication use has on this vulnerable segment of population.

Purpose: This research examines the factors leading to polypharmacy among the elderly
population and explores its various impacts on healthcare utilization.

Data and Methods: This study uses Medical Expenditure Panel Survey (MEPS) Data. Fixed-

Effects regression analyses examine relationships between predictive factors and polypharmacy,



polypharmacy and expenditures, and polypharmacy and utilization. Classification models assess
the ability of machine learning to correctly predict utilization within the sample population.

Key Results: Aside from clinical indicators, demographic and socio-economic factors play a
role in determining polypharmacy status. Polypharmacy risk is higher for women (1.088, p <
0.001), high income individuals (1.107, p < 0.01), and those covered by Medicaid (1.110, p <
0.001). Conversely, married individuals (0.930, p < 0.001) and non-Hispanic Blacks (0.864, p <
0.001) have reduced risks of polypharmacy. We find polypharmacy to be associated with higher
total (p < 0.001), inpatient (p < 0.01), outpatient (p < 0.01), and prescription medical
expenditures (p < 0.001) when holding other predictors constant. We find the risk of
hospitalization to be higher for polypharmacy patients (RR: 1.592, p <0.001) than
nonpolypharmacy patients after controlling for multimorbidity and medication class. Lastly,
machine learning algorithms classify admissions with an overall accuracy of 84.9%; however, a
low true positive rate (TPR) of 41.7% and high true negative rate (TNR) of 96.5% indicate best
performance is achieved in predicting non-admissions.

Conclusion: Polypharmacy is associated with several non-clinical factors and has a statistically
significant impact on medical expenditures and admissions. Though imperfect, predictive
analysis methods improve our ability to identify patients at risk for admissions and present a

potential opportunity for future applications aimed at reducing utilization and costs.
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Chapter 1: Introduction

Advancements in medicine over the past century have increased life
expectancy as well as contributed to the population growth of individuals aged 65 and
older. Individuals within this vulnerable group often experience worsening health and
may present with comorbidities that require complex treatment. Pharmaceutical
intervention, a vital component of these treatment plans, may negatively impact
patient health and utilization when multiple medications are co-prescribed.
Polypharmacy, the act of taking five or more chronic medications daily (Montero-
Odasso et al., 2019), is a growing issue with ramifications for our healthcare system
and the millions of elderly it impacts annually.

Each year, approximately 13.2 million adults aged 65 years and older are
hospitalized in the United States (US) (Changes in Hospitalizations, HCUP, 2021).
Hospitalizations alone account for one-third of total healthcare costs, with $1.19
trillion spent on hospital care in 2018 alone (Hartman et al., 2020). Aside from the
financial impact, hospitalized elderly patients experience significant functional
decline which results in their loss of independence, decreased quality of life, and an
increased rate of readmissions (Courtney et al., 2011).

Over the past two decades, researchers have sought to better understand the
relationships between polypharmacy and various health outcomes within the elderly
population (Davies et al., 2020). While several studies have linked polypharmacy to
falls, those attempting to examine the direct association between polypharmacy and
hospitalizations have concluded with mixed results (Davies et al., 2020; Hammond &

Wilson, 2013). Among studies that have suggested the existence of a positive
1



association between polypharmacy and hospitalization (Davies et al., 2020), however,
few have adequately controlled for medication type or comorbidities in their study
design (Chang et al., 2020).

Given the increasingly frequent use of polypharmacy to treat patients with
comorbidities, there exists a critical need to better understand its impact on the elderly
population. The overarching goal of this research is to better understand how
polypharmacy affects the elderly and their use of healthcare services. The results will
inform a growing body of research on the topic aimed at reducing the adverse effects
of polypharmacy and improving health outcomes for our seniors. To further assess
polypharmacy’s impact on the elderly population, subsequent chapters will address
three specific research aims:

1. Explore the predictors of polypharmacy among individuals aged 65 and older.
2. Estimate the association between polypharmacy and total medical
expenditures among individuals aged 65 and older.

a. Sub-aim: Estimate the marginal effects of polypharmacy across total,
inpatient, outpatient, emergency room, and prescription expenditures.

3. Estimate the association between polypharmacy and hospital admissions
among individuals aged 65 and older.

a. Sub-aim: Explore the use of predictive analytics to classify patients at
risk for hospitalization using polypharmacy status and other
individual-level factors.

b. Sub-aim: Estimate potential cost-savings associated with use of the

best performing classification model.



Chapter 2: Literature Synthesis

Background

Polypharmacy, the concomitant use of multiple medications to treat one or
more illnesses, is a growing concern among the elderly that has become more
prevalent in recent years (Davies et al., 2020). As individuals age, they begin to
experience an overall decline in health. This decline is often a direct result of chronic
illnesses that impact an individual's normal physical or cognitive functioning.
Identified as a primary risk factor for polypharmacy, the presence of comorbidities is
shown to be positively correlated with age (Cantlay et al., 2016). As individuals
progress beyond 65 years of age, the existence of multiple chronic illnesses
complicates treatment. For these individuals, physicians must develop comprehensive
medical management plans which incorporate various treatment modalities and
therapeutics to include pharmacological intervention. Often, the complexities of these
individual’s conditions require the prescription of multiple simultaneous medications
resulting in polypharmacy. Additionally, system-level factors including poorly
updated medical records, automated prescription refills, and inappropriate prescribing
practices further attribute to polypharmacy risk (Halli-Tierney et al., 2019).

The use of multiple drugs to treat complex chronic illnesses has led to a high
prevalence of polypharmacy within the elderly population. Recent estimates indicate
25 to 40% of all adults over the age of 65 are prescribed at least 5 medications (Todd
et al., 2018). With an elderly population of 54.1 million in the United States (US),
between 13.5 to 21.6 million seniors are impacted by polypharmacy (2020 Profile of

Older Americans, n.d.). As the population ages and the proportion comprised by those

3



65 and older continues to grow, it is expected that the number affected by
polypharmacy could reach 32.3 million by 2040 (2020 Profile of Older Americans,
n.d.). While medications have many proven benefits, polypharmacy has been
associated with serious adverse events such as falls, frailty, disability and mortality
within the elderly population (Montero-Odasso et al., 2019). With a growing elderly
population and polypharmacy prevalence on the rise, research into polypharmacy’s
effect on the elderly continues to expand.

As research into polypharmacy grows, their remains a general lack of
consensus surrounding how it is defined. A systematic review by Masnoon et al.
(2017), found 138 definitions of polypharmacy and associated terms among existing
literature (Masnoon et al., 2017). Among the available literature, polypharmacy was
most commonly defined as the simultaneous use of five or more chronic medications
daily (Montero-Odasso et al., 2019). Hyperpolypharmacy was consistently used to
describe the concomitant use of 10 or more medications (Masnoon et al., 2017).

Like the variance in definition described above, the variable construct of
polypharmacy also differed across studies. Polypharmacy was most frequently
depicted in studies as a dichotomous exposure variable where the simultaneous
prescription of less than five medications constituted the control arm
(nonpolypharmacy) and the prescription of five or more medications represented the
treatment arm (polypharmacy) (Davies et al., 2020; T. R. Fried et al., 2014). Others
ascribed to similar methodologies using different thresholds to define polypharmacy.
A review of international studies conducted in Australia indicated the threshold

varied from two to five concomitant medications with four medications being the



most frequently used threshold for polypharmacy (Hammond & Wilson, 2013). A
few studies recoded polypharmacy into a categorical exposure variable using similar
thresholds (Young et al., 2021). The numerous definitions of polypharmacy and its
varied use in studies add to the diverse and complex nature of polypharmacy research.
Identified as a potential contributing factor to poor health outcomes among the
elderly, polypharmacy related research has grown steadily since the early 1990s
(Davies et al., 2020). Studies on polypharmacy have largely sought to determine its
association with a variety of adverse outcomes; these outcomes range from specific
physical ailments to measures of healthcare utilization (Davies et al., 2020). Physical
ailment-based studies have sought to examine polypharmacy’s impact on Body Mass
Index (BMI), circulatory disease, depression, functional decline, falls, fractures,
frailty, malnutrition, and pain. Utilization based studies have primarily examined
polypharmacy’s association with hospital admissions; however, studies have also
been conducted to determine its impact on emergency department visits and length of

inpatient stays (Davies et al., 2020).

Conceptual Frameworks

A review of the existing literature on polypharmacy has not revealed an
overarching conceptual model that is central to all studies. Additionally, studies
evaluating the association between polypharmacy and hospitalization have not
ascribed to a conceptual framework as the basis for their analyses (Chang et al., 2020;
Davies et al., 2020). If a conceptual model were to be loosely applied to these types

of studies, Anderson’s Emerging Behavioral model (see Figure 2.1) would likely be



the best fit due to its focus on factors impacting utilization broadly (R. M. Andersen,

1995).

Figure 2.1: Andersen’s Emerging Behavioral Model — Phase 4

ENVIRONMENT POPULATION CHARACTERISTICS HEALTH OUTCOMES
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Source: “Revisiting the behavioral model and access to medical care: Does it matter?”
R.M. Andersen, 1995, Journal of Health and Social Behavior, 36.

Frequently, polypharmacy researchers have developed their own conceptual
model to explain any number of aspects affected by polypharmacy among the elderly.
Most polypharmacy-related conceptual models mentioned in the literature combine a
deprescribing framework with the predisposing, enabling, and need factors from
Andersen’s Behavioral Model (R. Andersen & Newman, 1973) to explain the general
concepts related to prescribing and medication use (Linsky et al., 2019). These
conceptual frameworks typically comprise patient, prescriber and system factors that
interact to explain prescribing practices and medication use among polypharmacy
patients (Ouellet et al., 2018; Thompson et al., 2019).

To better illustrate the complex factors impacting polypharmacy and

deprescribing efforts, Linsky et al. developed a novel conceptual framework in 2019



(see Figure 2.2) that incorporated key components from existing models into one;
organized into patient, prescriber and system factors, this model was designed to be
more comprehensive than those developed previously (Linsky et al., 2019). The
model illustrated below is unique due to its incorporation of concepts from both
Andersen and Donabedian (Donabedian, 1988); the factors are loosely based on
Andersen while the effects/measures section uses Donabedian to assess quality of
deprescribing trials based upon the four categories (Linsky et al., 2019).

Figure 2.2: Advancing the Science of Deprescribing: A Novel Comprehensive Conceptual Framework

Patient factors Prescriber factors System factors

Biology Rational Non-rational Resources Goals
f (eg, explicit (eg, tacit
Experience pretsiances knowledge)  knowledge) Incentives Culture

Values and

Deprescribing process

Decisionto deprescribe

Effects/Measures
QOutcomes &

Structure Process .
experiences

Dissemination

Source: Amy Linsky MD, Journal of the American Geriatrics Society, Volume: 67, Issue 10, Pages: 2018 - 2022

It is important to note, however, that deprescribing frameworks such as
Linsky’s are not specifically designed to explain the association between
polypharmacy and changes in health services utilization. In a study by Barnason et al.
(Barnason et al., 2010), social cognitive theory was used as opposed to a
deprescribing framework due to its ability to better explain the intersectionality
between personal, behavioral, and environmental factors (Heffernan, 1988). The use
of social cognitive theory was primarily used in a small subset of studies that

examined theory-based interventions designed to improve medication adherence



(Patton et al., 2017). It is important to note that while some studies involving
polypharmacy did ascribe to a conceptual model, it was primarily studies that

evaluated deprescribing efforts that did so.

Impacts on Health and Utilization

An often-necessary component in the management of chronic illnesses,
Polypharmacy is thought to negatively impact one’s health in several ways that lead
to increased healthcare utilization. Three of the leading contributors to increased
health services utilization among the elderly are Adverse Drug Events, cognitive and
functional decline, and falls (Cantlay et al., 2016). Hospitalizations among the elderly
are especially costly and have a deleterious effect on the health of the elderly
population. When compared with the non-elderly, data from the Medicare Current
Beneficiary Study (MCBS) shows medical expenditures more than double for
individuals between the ages of 70 and 90; moreover, this 10 percent of the
population is responsible for nearly 52 percent of the overall spending within a given
year (Nardi et al., 2016).

Aside from the monetary impact of their inpatient stay, elderly patients
undergo many life-altering changes as result of their hospitalization. While admitted,
elderly patients experience significant functional decline resulting in their loss of
independence, decreased quality of life, and an increased rate of readmissions
(Courtney et al., 2011). In-hospital factors leading to functional decline include
restricted mobility, under-nutrition, continence, and polypharmacy; adverse outcomes
to medications occurred 2.5 times more frequently in patients over the age of 65

(Admi et al., 2015). For many of these patients, hospitalization marks the beginning
8



of a heightened reliance on medical services that becomes more profound with age.
Given the rising number of elderly and exorbitant healthcare costs associated with the
care of this population, examination of mechanisms leading to increased healthcare

utilization among this group has become increasingly important.

Adverse Drug Events

Adverse Drug Events (ADEs) or Adverse Drug Reactions (ADRs) are a
primary cause of hospitalizations among the elderly. Defined as unintended, harmful
events attributed to the use of medications, ADRs are more common among
individuals who take multiple medications daily (Coleman & Pontefract, 2016). From
2007 to 2009, ADEs were implicated in an estimated 265,802 emergency room visits
resulting in 99,628 hospitalizations among US adults age 65 and older; 48% of these
hospitalizations were among adults 80 years of age or older (Budnitz et al., 2011).
The rate of ADE-induced hospitalizations was 3.5 times higher for adults 85 years of
age and older (Budnitz et al., 2011). The high rate of hospitalization among the eldest
indicates an increased susceptibility to adverse effects of polypharmacy as one
progresses in age.

Elderly patients are at increased risk for Adverse Drug Events (ADE) caused
by polypharmacy due to pharmacokinetics and pharmacodynamics, reduced
physiological reserve, multimorbidity, geriatric syndromes and physician prescribing
practices (Held et al., 2017). The risks associated with ADEs increase exponentially
as the number of concomitant medications increase. Crouch and Chapelhow (2008)
suggest that with two drugs there are two possible interactions; with five drugs the

possible interactions increase to 20 and with ten drugs there are 90 possible
9



interactions (Kaufman, 2011). This amplification effect further compounds issues for
the elderly, especially those above 80 years old who are the most frail and susceptible

to adverse events from drug interactions.

Interactions and Non-Adherence

Adverse Drug Events often occur due to prescribing of potentially
inappropriate medications (PIMs) that lead to drug-drug interactions (DDI), drug-
disease interactions, and medication non-adherence (Young et al., 2021). Adverse
Drug Reactions are further classified into six types: dose-related (Augmented), non-
dose-related (Bizarre), dose-related and time-related (Chronic), time-related
(Delayed), withdrawal (End of Use), and failure of therapy (Failure) (Edwards &
Aronson, 2000). The mean prevalence of ADR-induced hospitalizations within the
elderly population is 10%, while the prevalence occurring during hospitalization is
11.5% (Alhawassi et al., 2014). Among the medications responsible, anticoagulants,
antibiotics, and diabetes medications were implicated in nearly 47% of all admissions
(Shehab et al., 2016). Benzodiazepines and Non-Steroidal Anti-Inflammatory Drugs
(NSAIDS) represented other classes of medication frequently implicated in previous
studies (Abe et al., 2015). Despite being frequently implicated within research, the
above medications are not listed as top causes of ADRs in all studies.

Efforts to limit the potentially harmful effects of polypharmacy within the
elderly population led to the creation of the Beers Criteria by Dr. Mark Beers and
colleagues in 1991 (Beers et al., 1991). This criteria contained a list of medications
for which the potential risks of use outweighed the potential benefits (Beers et al.,

1991). Updated on a continual basis, a partial list was adopted by the Center for
10



Medicaid and Medicare Services (CMS) as a quality indicator to be used for long-
term care facilities (LTCF) (Marcum & Hanlon, 2012). In 2006, the National
Committee for Quality Assurance (NCQA) selected some of the “do-not-use” and
drug-disease interaction criteria to be used as ambulatory care quality indicators as
one of their Healthcare Effectiveness Data and Information Set (HEDIS) measures
(Marcum & Hanlon, 2012). In 2011, control of the list and the responsibility to
update and maintain it, transferred to the American Geriatric Society (AGS) where it
continues to serve as the primary set of criteria used today (American Geriatrics
Society Beers Criteria® Update Expert Panel, 2019).

Identification of ADRs is often made difficult by the fact that some emulate
‘traditional diseases’ and manifest in all systems of the body (Coleman & Pontefract,
2016). Patients admitted for drug-related reasons exhibit a broad range of symptoms
including weakness or drowsiness, biochemical or hematological derangements (such
as acute kidney injury, electrolyte imbalance or anemia), bleeding, gastrointestinal
disturbances, hypoglycemia or healthcare-associated infections (Coleman &
Pontefract, 2016). In some instances, ADRs may be fatal; fatal cases involving ADRs
are often attributed to hemorrhages caused by the co-administration of anticoagulants
and NSAIDs (Wester et al., 2008).

Systematic reviews of the literature found both study designs and the size of
the sample populations used across studies to vary greatly (Alhawassi et al., 2014;
Davies et al., 2020). The range between the smallest and largest sample populations
used across studies was 64,366, with 80 (De Paepe et al., 2013) and 64,446 (Sikdar et

al., 2012) representing the smallest and largest samples respectively. Studies were
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also found to have used various definitions of polypharmacy which led to different
thresholds being used throughout the research (Davies et al., 2020). Despite the
variance among studies, nearly all indicated a positive association between
polypharmacy related adverse medication management outcomes such as drug-drug
interactions and non-adherence which supports generalizability of the results ( Davies

et al., 2020).

Falls

An unfortunate consequence of drug-drug or drug-disease interactions, falls,
constitute a substantial proportion of adverse drug events and function as a mediator
between polypharmacy and hospitalization. Within the elderly population, falls can
have a long-standing negative impact on an individual’s health. Studies have
indicated that polypharmacy may increase the risk of falls among the elderly by five
times (Montero-Odasso et al., 2019). In 2009 alone, there were more than 2.2 million
non-fatal fall injuries in the United States that resulted in 581,000 hospitalizations
(Ambrose et al., 2013). Annually, 30-40% of patients over the age of 65 will fall at
least once; many of these falls will result in emergency rooms visits and subsequent
hospitalizations (Ambrose et al., 2013). Approximately 40% of annual falls, however,
could be preventable (Zaninotto et al., 2020).

The risk of falls among the elderly have been linked to several factors
including female sex, older age, multimorbidity, muscle weakness, poor balance and
lower-limb functioning, visual impairment, history of stroke, dementia, epilepsy,
hypotension, and history of previous falls (Deandrea et al., 2010). Additionally,

specific drug classes including antihypertensives, analgesics, sedatives, anti-
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depressants, and anticholinergics may increase the risk of falls and related injuries
(Tinetti et al., 2014; Woolcott et al., 2009). Benzodiazepines and non-benzodiazepine
hypnotics may also increase the risk of fall (Johnell et al., 2017). While “fall-risk
inducing drugs” (FRIDs) carry secondary effects including dizziness, imbalance, and
mobility impairment that alone lead to an increased risk of falls (Seppala et al., 2018),
additional studies have shown that the number of simultaneously prescribed
medications may also play a role in increasing fall risk among the elderly (Dhalwani
etal., 2017; T. R. Fried et al., 2014).

Studies evaluating fall-risk in relation to polypharmacy have shown the risk of
falls to be positively correlated with the number of medications taken. A case-control
study by Laflamme et al estimated the fall risk associated with the concomitant use of
>10 medications to 1.8 times greater than the risk associated with using only one
medication (Laflamme et al., 2015). Five separate cohort studies conducted by
Kojima, Bergland, Clough-Gorr, Pluijm, and Bennet all found similar results (Morin
et al., 2019). The fact that these studies were conducted in the United States, Europe,

and Asia are a testament to the generalizability of the results.

Functional Decline (Frailty)

Multimorbidity in patients over the age of 65 is a common occurrence that
contributes to disability and functional decline. Medicare claims data indicates that
67% of all beneficiaries had two or more chronic conditions (T. R. Fried et al., 2014).
The prevalence of multimorbidity increased to 81.5% among beneficiaries 85 years of
age and older (Salive, 2013). The presence of multiple chronic conditions in the

elderly often leads to an overall degradation of health. This decline in functional
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ability can lead to frailty, making those patients more susceptible to poor health
outcomes and further reliant on health services.

Frailty represents an additional mechanism leading to increased healthcare
utilization that may be worsened by polypharmacy. A geriatric syndrome
characterized by a reduction in physiological reserves and loss of resistance to
stressors as a result of increasing age, frailty serves as a measure of disability and
functional decline among the elderly (Midao et al., 2021). Frailty may also influence
several factors that impact the therapeutic efficacy of drugs to include
pharmacokinetics and pharmacodynamics, as well as toxicity (Gutiérrez-Valencia et
al., 2018). Polypharmacy and frailty are imagined to interact across a number of
pathways to include through physiological changes, multiple pathologies and chronic
disease, life expectancy, or functional or cognitive status (Gutiérrez-Valencia et al.,
2018). Synonymous with disability, comorbidity and other characteristics, frailty is
considered by some to have a biological basis and be a distinct clinical condition (L.
P. Fried et al., 2001). Frailty is most frequently assessed in both research and clinical
practice using the Frailty Phenotype (L. P. Fried et al., 2001; Kojima et al., 2018).

Frailty and polypharmacy are both widely studied among the elderly
population; however, little is known about the impact they have on one another
(Palmer et al., 2016). A systematic review of the literature conducted by Gutierrez-
Valencia et al. included 25 observational studies; 11 of the studies were conducted
using cross-sectional analysis while the other 14 were prospective cohort studies
(Gutiérrez-Valencia et al., 2018). Quality of the studies were assessed using the

Newcastle-Ottawa Scale (NOS) (Stang, 2010) for longitudinal studies and a modified
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NOS as described in two separate studies by Herzog and Alshabanat (Alshabanat et
al., 2015; Herzog et al., 2013). The quality of studies when evaluated for risk of bias
were good; longitudinal studies had a median score of 7.5 out of 9 while the cross-
sectional studies had a median score of 8 out of 10. Results suggest adjustments made
for confounding performed fairly well to reduce bias within the models (Gutiérrez-
Valencia et al., 2018).

Differences in study design to include the definitions and categorizations of
polypharmacy and frailty used across studies make generalization of the results
difficult. Most studies defined polypharmacy as the concomitant use of five or more
medications; however, some studies used thresholds of three and six while others
decided to create a third category for medication use >10 labeled as either hyper or
excessive polypharmacy (Herr et al., 2017; Poudel et al., 2016). Across the 25
studies, 5 different measurements for frailty were used; however, Fried’s criteria was
used as the primary basis for 14 of the studies (Gutiérrez-Valencia et al., 2018). The
sample sized used in the studies varied greatly from 31 (Hilmer et al., 2011) to over
10,000 (Chhetri et al., 2017). Small sample sizes like the one used in Hilmer often
reduces the statistical power of the study as well as increase the margin of error; it
also tends to lead to cases of bias and thus carries little weight among the studies
conducted.

Overall results from the 25 studies were mixed. Differences in outcomes
among the studies can occur due to a variety of factors; however, the use of multiple
study designs is likely a main contributor to the differences in findings among the 25

studies referenced in the systematic review. Despite the differences in outcomes,
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many studies found polypharmacy to be positively correlated with frailty (odds ratio
1.77-2.55) (Gutiérrez-Valencia et al., 2018). The likelihood of being frail among
hyperpolypharmacy (>10) users was much higher with odds ratios of 4.47-5.8
(Gnjidic, Hilmer, Blyth, Naganathan, Cumming, et al., 2012; Herr et al., 2015). A few
studies were able to show that the likelihood of frailty increased incrementally with
each medication added (odds ratio 1.13-1.20) (Castell et al., 2013; Gnjidic et al.,
2012). While results of the referenced studies indicate the presence of an obvious
relationship between polypharmacy and frailty, no direct link has been established.
Additionally, no expressed attempts to evaluate the joint impact of polypharmacy and

frailty on health services utilization were found among the literature.

Cost

A review of the existing literature has revealed that cost-based research
involving polypharmacy is less extensive than the outcomes-based research described
above. Some cost-based research involving polypharmacy has attempted to assess the
impact of medication review/reconciliation on cost reduction to patients (Malet-
Larrea et al., 2017). Others have assessed polypharmacy-related medication costs
attributed to patients with terminal illnesses such as cancer (McDermott et al., 2018).
In their “Polypharmacy Outcomes Project”, Kojima et al. conducted a study using
long-term care residents at nursing home in Hawaii to determine the overall monthly
costs of medications among those with polypharmacy (Kojima et al., 2012). During
the study, the Beers Criteria was used to identify and reduce the use of drugs deemed
potentially harmful when used in the elderly population. Average pre- and post-

intervention monthly per-patient medication costs were calculated. Pre and post-
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intervention monthly costs were $874 and $843 respectively; marking a $30 decrease
attributed to the intervention (Kojima et al., 2012).

Much of the existing cost-based research examines the medical costs
attributed to fatal falls and fall injuries using either data derived from the Web-based
Injury Statistics Query and Reporting System (WISQARS) or the Medicare Current
Beneficiary Survey (MCBS) (Florence et al., 2018; Haddad et al., 2019). Results
from these studies indicated that total healthcare spending on elderly falls ranged
from $48 million in Alaska to $4.4 billion in California (Haddad et al., 2019). When
reviewed based upon Medicare being the primary payer, Florida had the highest fall-
related expenditures at $3 billion (Haddad et al., 2019). Using an estimated fraction of
total healthcare expenditures attributed to falls derived from the MCBS, Florence et
al. applied that fraction to the total U.S. Healthcare Expenditures from the Centers for
Medicare & Medicaid Services (CMS) National Health Expenditure Accounts
(NHEA) to arrive at an estimated annual cost of $49.5 billion nationally (Florence et
al., 2018). Although these studies focus on the cost attributed to falls, a common
adverse drug event, no analysis was conducted to estimate the proportion attributable
to polypharmacy.

Kwak et al. (2022), however, examined healthcare expenditures associated
with polypharmacy among elderly patients with cardiovascular disease using 2017
Medical Expenditure Panel Survey (MEPS) Data. This study found polypharmacy to
be positively associated with increased total healthcare expenditures (IRR 1.98, 95%
CI 1.43-2.74); associations with total polypharmacy-related and total

nonpolypharmacy-related expenditures were (IRR 2.87, 95% CI 1.51-5.45) and (IRR
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1.78, 95% CI 1.26-2.52) respectively (Kwak et al., 2022). Following adjustment for
covariates, average total healthcare expenditures among polypharmacy patients were
2.16 times greater than nonpolypharmacy patients ($19,068 : $8,815) (Kwak et al.,
2022). Limited by its narrow sample population (elderly cardiovascular patients) and
use of a single year of data, expanded research on the association between
polypharmacy and total medical expenditures is needed to improve generalizability of

the results.

Predictive Analyses

Advancements in computing technology has contributed to the growth of
applied machine learning. A convergence between computer science and advanced
statistics, machine learning has made it possible to automate the process of finding
patterns within data. These methods are used quite frequently within the business
community; however, they have only recently made their way into the medical/public
health realm. As research into the use of applied machine learning within the medical
field continues to grow, findings suggest these methods have many potential
applications and deliver great value to the field (Kim & Park, 2019; Orchard et al.,
2018; Peterson et al., 2021; Staffa & Zurakowski, 2021).

To date, applications for predictive analysis with the medical field range from
the identification of chemotherapy patients at high risk for preventable emergency
department visits and hospital admissions to predicting 1-year mortality rates for
palliative care patients (Blanes-Selva et al., 2021; Peterson et al., 2021). A study by
Peterson et al. (2021), found their primary model to have classified preventable acute

care use (ACU) with an area under the curve (AUC) of 0.783 (Peterson et al., 2021).
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This finding suggests that the model can correctly distinguish between the true
positive rate (TPR) and false positive rate (FPR), positive class and negative class,
78% of the time. Another study by Li et al. (2021), attempted to predict 90 day
hospital readmissions for dental patients; their best performing model was able to
correctly distinguish between those who would be admitted and those who would not
74% (AUC = 0.743) of the time (Li et al., 2021).

Most predictive analysis studies examined utilized Electronic Health Record
(EHR) data (Patel et al., 2020; Peterson et al., 2021); however, others used nationally
representative data (Kim & Park, 2019; Li et al., 2021). Kim et al. (2019) utilized
Korea’s National Health Insurance Service (NHIS) data set to develop a model to
predict high-cost health care users using medical check-up data (Kim & Park, 2019).
Using this nationally representative data base, they were able to develop their optimal
model (AUC = 0.838) using the full complement of variables derived from eligibility,
diagnosis, medical check-up and cost and utilization data (Kim & Park, 2019).

These predictive models have the real potential to impact both patients and the
healthcare industry. Li et al.’s (2021) study demonstrated that use of their predictive
model to predict all-cause 90 day readmissions would result in a potential annual
savings of over $500 million (Li et al., 2021). Existing research also points to the
benefits of using machine learning over traditional risk scoring systems. Patel et al.
(2020) demonstrated that machine learning approaches outperformed the traditional
LACE and HOSPITAL indices which are commonly used to identify a patient’s risk
of readmission (Patel et al., 2020). The key advantages attributed to machine learning

methods over traditional (questionnaire) scoring systems are their ability to be applied
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to real data and detect underlying patterns in high-dimensional data sets (Patel et al.
2020). Within the above studies, no mention was made to polypharmacy or any

attempt to evaluate the impact it has on any specific population.

Limitations and Gaps in Existing Research

Existing literature on polypharmacy indicates that several studies examining
the association between polypharmacy and healthcare utilization have been
conducted. Among those that examined the association with hospital admissions, the
majority found polypharmacy to be positively correlated; however, many of the
studies failed to sufficiently control for multimorbidity and medication class within
their design (Davies et al., 2020). Given that many medications have secondary
effects that mimic the symptoms of some chronic conditions, failure to control for the
presence of comorbidities may lead to an overestimation of the effect attributed to
polypharmacy. Additionally, many high-risk medications are often prescribed that
carry an elevated risk of adverse drug events (Alhawassi et al., 2014; Johnell et al.,
2017; Seppala et al., 2018). These medications must be controlled for as they have the
potential to produce a drug-induced hospitalization in the absence of concomitant
medications.

Among previous studies, several generalized limitations were noted that could
have impacted their findings. While all the studies reviewed used the elderly as their
sample population, some chose to use a subset of the population that was markedly
older (> 80 years) than those selected in other studies (Abe et al., 2015; Hammami et
al., 2020). Those who comprise the subset population would be more likely to be

frail, have a higher number of comorbidities, and use a greater number of
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medications. The discrepancies across sample populations would prohibit
generalization of the results. Additionally, the high degree of specificity used to
define sample populations often resulted in small (< 400) sample sizes (Abe et al.,
2015; Hammami et al., 2020). Due to the age of the individuals that comprised the
sample populations, all studies could have potentially been affected by threats to
internal validity through maturation. As individuals age, their decreased physical
reserve makes them more susceptible to adverse health outcomes (L. P. Fried et al.,
2001; Herr et al., 2015); natural losses in physical strength and cognitive function
may mimic symptoms of polypharmacy and lead one to believe that the impact of
polypharmacy is larger than it is.

Despite the breadth of previous research on the topic, gaps still exist that
demand further inquiry. While several studies have attempted to examine the
association between polypharmacy and hospital admissions (Abe et al., 2015; Chang
et al., 2020; T. R. Fried et al., 2014), they have largely failed to control for both
comorbidities and medication class. Additionally, no studies were found that
attempted to identify causality or association using US nationally representative
survey data. The use of a large sample population in conjunction with nationally
representative data that incorporates accurate sample weights and survey design
would add to the robustness and generalizability of the study.

There exists a definitive gap in knowledge concerning the non-pharmaceutical
cost impact of polypharmacy. Cost-based polypharmacy research should aggregate
financial data at the individual and medical system levels. Prospective studies should

include both prescription-related costs and direct costs related to medical care
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received. Research in this area would provide a deeper understanding of
polypharmacy’s overall fiscal impact to our healthcare system and the burden it
places on patients.

Lastly, it is imperative that new and innovative ways to identify at-risk
polypharmacy patients are developed. The use of classification models applied to
patient data is a potential way to achieve this goal. Over the past decade, a growing
body of research has sought to apply predictive analytics models to Electronic
Healthcare Records (EHR) to reduce potentially avoidable utilization and costs (Lee
et al., 2020). Although 69% of the studies reported improvement after model
implementation, they lacked generalizability (Lee et al., 2020). Building and testing
of potential classification models using nationally representative data would improve
generalizability of the results and add to the growing body of research on the use of

predictive analytics in healthcare settings.
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Chapter 3: Study Design

Data

This study utilizes ten years (2010-2019) of compiled Medical Expenditure
Panel Survey (MEPS) data. MEPS is a large-scale, nationally representative panel
survey of families, individuals, medical providers, and employers in the U.S. (MEPS |
Home, n.d.). The panel design consists of several rounds of interviews with
respondents over a period of two calendar years; the interviews collect data on
demographics, individual health status, expenditures, and insurance coverage (MEPS
| Background, n.d.). Overall survey response rates ranged from 39.5% to 56.3% with
its lowest and highest rates seen in 2019 and 2012, respectively (MEPS | Response
Rates, n.d.). Data files from 2020 were purposefully omitted from this study to avoid
anomalies that may have resulted due to the COVID-19 pandemic. All data files used
in this analysis are publicly available and downloadable from the Agency for
Healthcare Research and Quality (AHRQ) website.

To build a comprehensive data set capable of answering the various questions
posed in this study, Household Full Year Files were joined with their respective
Prescribed Medicines and Hospital Inpatient Stay Component Event files. All three
files were joined using the “DUPERSID” variable in the MEPS file. This variable
combines the panel number (“PANEL”), dwelling unit identifier (“DUID”), and
person identifier (“PID”) into one variable that allows for accurate matching of each
observation across all three data files (/PUMS MEPS, n.d.). However, prior to 2018,

the “DUPERSID” variable only contained the “DUID” and “PID”. Thus, the
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“DUPERSID” variable had to be concatenated with the “PANEL” variables for years
2010-2017 prior to being joined.

Prior to final consolidation of years 2010-2019, each individual year was
carefully examined against the others to ensure that variable names and constructs
aligned. This approach prevented the inadvertent creation of additional variables,
missing values, and allowed for successful matching in the final data set. The
resulting annual combined files were then appended to create one large file containing
10 years of merged data. The full data set prior to cleaning and implementation of

exclusion criteria totaled 304,580 respondents.

Exclusion Criteria and Missing Values

The target population for this study is individuals aged 65 and older. To
ensure only our target population was used in the analysis, all observations for
individuals under the age of 65 were removed from our data. Likewise, observations
with missing values on one or more of our variables of interest were also omitted
from the final data file. Following extensive data cleaning and preparation, the final
data set contained 13,338 total observations and 166 variables. The total number of
variables also incorporates variations and/or modifications of variables; not all

variables represent independently unique measures.

Age-adjusted Charlson Comorbidity Index (ACCI)

Disease severity among patients was ascertained using the Age-adjusted
Charlson Comorbidity Index (ACCI) (M. Charlson et al., 1994). This score was

calculated by assigning severity-based weights to individual chronic illness and age
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variables in the data (see Table 3.1); the weighted values were then grouped by
patient and summed to generate respective ACCls. To improve interpretation of
results and allow for group-wise comparison, patients were further categorized into
three groups based upon comorbidity severity using their ACCls: mild (< 5),
moderate (6-7), and severe (> 8). This categorical construct of ACCI was used as the
primary measure of disease severity across all aims as it has been shown to be a
robust proxy for the inclusion of individual chronic illness variables within regression
models (M. E. Charlson et al., 2022; Ludvigsson et al., 2021). Additionally, the use of
ACCI as our primary measure of disease severity reduces the potential for bias by
eliminating prospective correlation that exists between individual chronic illnesses

and medication class.

Table 3.1
Age and chronic illness associated Charlson weights
Variable Weight N %)
Age (Years)
65-69 3 4,335 (32.5%)
70-79 4 5,798 (43.5%)
80-89 5 3,205 (24.0%)
Arthritis 1 8.198 (61.5%)
Cancer 2 3,934 (29.5%)
Cognitive Limitations 2 1,639 (12.3%)
Diabetes 1 3,568 (26.8%)
Emphysema 1 840 (6.3%)
Heart Attack 1 1562 (11.7%)

Stroke 1 1,704 (12 8%)
Note: Age-related weights are calculated by adding one point for each
decade of age beginning at age 40 (M. Charlson et al., 1994). The
minitmum and maxinmmm ages represented in the sample are 65 and 85;

mininmmm and maximmem ACCIs are 3 and 13, respectively.
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Polypharmacy

Throughout the study, the term polypharmacy is used to define individuals
who take five or more medications daily. The term hyperpolypharmacy defines
individuals who take 10 or more medications daily and is only used in categorical
constructs of the polypharmacy variable (Kennel et al., 2018). Lastly,
nonpolypharmacy is the term used for patients who take four or less medications
daily.

Polypharmacy status was ascertained using the prescription name variable
“RXNAME” to identify uniquely prescribed medications for everyone in our sample.
Uniquely prescribed medicines were summed for each respective individual; totals
were assigned to a new variable “TOTMEDS” which was then used to divide the
sample population into groups representative of their polypharmacy status. To ensure
that no duplicate medications were included in our count, the prescription name was
cross reference with two additional variables: prescription drug name
“RXDRGNAM?” and prescription national drug code “RXNDC.” National Drug
Codes (NDC) are a unique three-segment number used to identify all medications
authorized for human use (D4, 2019). Among the 13,338 individuals represented in
our sample, 7,354 (55%) were polypharmacy and 5,984 (45%) were
nonpolypharmacy. Additionally, 2,315 (31%) of the polypharmacy patients met the

threshold for hyperpolypharmacy.

Overarching Conceptual Framework

The conceptual framework used in this study was adapted from three distinct

conceptual models: Andersen’s Model of Healthcare Utilization, Ryvicker’s
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Behavioral-Ecological Model, and Linsky’s Novel Deprescribing Framework (R. M.
Andersen, 1995; Linsky et al., 2019; Ryvicker, 2018). Depicted in Figure 3.1, the
framework highlights polypharmacy's relationships with a myriad of individual and
system-level factors (see Figure 3.1). Moving from left to right in the model, we note
that Anderson’s concepts of predisposing, enabling, and need-based factors are
recognized as primary contributors to polypharmacy (R. M. Andersen, 1995).
Comprised of demographic, socioeconomic, and clinical factors, these individual
patient characteristics converge to create a synergistic effect on one’s health that leads
to a patient’s interaction with the healthcare environment.

The relationship between individual patient characteristics and polypharmacy
is further mediated by provider and system-level factors that operate within the
healthcare environment. On the provider side, factors such as medical specialty and
experience will affect their prescribing preferences and may impact polypharmacy.
Likewise, system-level factors including pharmacy type and location may also
represent a contributing factor. Collectively, individual, provider, and system-level
factors all have a varying impact on polypharmacy status which in turn is thought to
be independently associated with both healthcare utilization and expenditures.
Elements of the conceptual framework that correspond with each research aim are

outlined and demarked by color in Figure 3.1.
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Figure 3.1: Polypharmacy’s Role Within the Elderly Population: A Novel Conceptual Framework
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Chapter 4: Exploring the Predictors of Polypharmacy Among Individuals
Aged 65 and Older

Introduction

Polypharmacy’s rise in prevalence has made it a major public health issue
globally (Payne & Avery, 2011; Tang et al., 2022). Most commonly defined as the
concomitant use of 5 or more medications daily (Masnoon et al., 2017),
polypharmacy is most prevalent among elderly patients with chronic multimorbidity
(Davies et al., 2020). Affecting upwards of 50% of all Medicare patients in the US
(Tinetti et al., 2004), polypharmacy prevalence varies greatly by country (Khezrian et
al., 2020). With polypharmacy rates as high as 90% across some populations
(Khezrian et al., 2020), it is vital that the mechanisms leading to polypharmacy are

better understood.

Background

Research into the predictive factors of polypharmacy among the elderly has
grown in response to the rise of polypharmacy prevalence worldwide. While an
equally important issue to the United States (US) population, the majority of studies
designed to explore the predictors of polypharmacy directly were conducted in
Europe and Asia (Jyrkka et al., 2009; Rieckert et al., 2018; Wongpakaran et al.,
2018). Existing studies have examined associations between polypharmacy and a
variety of factors representing demographic, socioeconomic, and clinical
characteristics (Khezrian et al., 2020). Several studies have found independent
associations between polypharmacy and prominent chronic illnesses including
diabetes, heart disease, HIV/AIDS, anxiety, and depression (Ellenbogen et al., 2020;
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Jokanovic et al., 2015; Jyrkka et al., 2009); these studies all indicated the presence of
chronic illnesses to increase the odds of polypharmacy. Higher degrees of
multimorbidity were also found to be positively associated with polypharmacy
(Rieckert et al., 2018; Wongpakaran et al., 2018).

Although studies have consistently found positive associations between
polypharmacy and chronic illnesses, research into associations between
polypharmacy and demographic factors have delivered mixed results. While several
studies have indicated increases in age to be positively associated with polypharmacy
(Jyrkka et al., 2009; Tang et al., 2022), others have found the association to be
negative, particularly in patients aged 85 and older (Jokanovic et al., 2015; Rieckert et
al., 2018). Likewise, being female was found to be positively associated with
polypharmacy in some studies (Jyrkké et al., 2009) and statistically insignificant in
others (Rieckert et al., 2018). In other demographic areas such as race/ethnicity, little
research into its association with polypharmacy has been conducted (Khezrian et al.,
2020). In a 2015 study by Cashion et al., however, they did find non-Hispanic Whites
to have an increased prevalence of polypharmacy when compared with non-Hispanic
Blacks (Cashion et al., 2015).

Studies focused on polypharmacy’s relationship with socioeconomic factors
are underrepresented in the literature (Khezrian et al., 2020). Those that do exist,
however, have indicated that geographic variation in residence may impact
polypharmacy (Cashion et al., 2015; Guthrie et al., 2015). Additionally, residents of
community living settings such as nursing homes may have higher risks of

polypharmacy than those residing at home (Guthrie et al., 2015). Early results seen
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across demographic and socioeconomic factors as well as the general lack of studies

on these topics, suggest further research in these areas is warranted.

Innovation

This study seeks to expand upon existing research by further exploring
predictors impacting polypharmacy. The study examines multiple demographic and
socioeconomic factors while also including known influencers such as chronic
illnesses. This study also seeks to improve generalizability of the results by utilizing
nationally representative survey data over a period of ten years. Coupled with
improvements in generalizability, increased knowledge of the predictive factors for
polypharmacy has the potential to inform future policy and improve the lives of our

elderly.

Conceptual Framework

Nested within the overarching conceptual framework in Figure 3.1, theorized
factors contributing to polypharmacy are depicted primarily within the constructs of
Andersen’s Emerging Behavioral Model (R. M. Andersen, 1995.) The interactions
between independent factors and polypharmacy were used to inform development of
the model used in this analysis. Lastly, independent variable selection utilizes the
groupings in Figure 4.1 which is derived from the Aim 1 portion of the conceptual

model outlined in blue.
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Methods

Data and Measures

To explore the predictors of polypharmacy within the target population, our

analysis utilized the combined MEPS file containing ten years (2010 —2019) of

aggregated data. The comprehensive nature of MEPS data allows for the exploration

of relationships between polypharmacy and a myriad of demographic,

socioeconomic, and clinical factors. To foster a complete analysis of possible

contributing factors, prospective variables were selected using the proposed

conceptual framework and divided into two overall groups: individual patient

characteristics and healthcare environment factors. Individual patient characteristics

were further broken down into three groups using Andersen’s criteria of predisposing,

enabling, and need factors (R. M. Andersen, 1995); the final breakdown of factors

explored in this aim are depicted in Figure 4.1 below.

Figure 4.1: Perceived Factors Affecting Polypharmacy
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The binary construct of polypharmacy was used as the response variable in

this aim as it is most applicable to our research question and allows for

straightforward interpretation of the results. Nonpolypharmacy patients were assigned



the value of “0”, thus representing the control group for our sample. Conversely,
polypharmacy patients were assigned the value of “1” and constitute the treatment
group of our sample.

In total, 13 independent variables were evaluated for their associations with
polypharmacy. While these factors were selected based upon their alignment with the
conceptual model, they are described in this section using their variable class. Among
the 13 independent variables utilized in this aim, three are binary and 10 are
categorical. Binary variables included sex, marital status, and dual eligible
beneficiary status. Across these variables, zero values were assigned to “male”,
“unmarried”, and “non-dual eligible”; these values served as the reference categories
for each variable.

Categorical constructs were used for ten variables representing age,
race/ethnicity, residence region, education, poverty level, perceived health status,
provider type, pharmacy type, comorbidity index severity level, and medication class.
Age was categorized into four groups spanning the spectrum of ages represented in
our sample: less than 70, 70 to 74, 75 to 79, and 80 or older. A categorical variable
was used for age as it allowed for a more meaningful interpretation of age’s
association with polypharmacy. The race/ethnicity variable contains five categories:
non-Hispanic White (reference), non-Hispanic Black, Hispanic, non-Hispanic Asian,
non-Hispanic other/mixed race. Region of residence was divided in Northeast
(reference), Midwest, South, and West. Education comprises five levels: less than
high school (reference), high school, Associate’s or other degree, Bachelor’s Degree,

Master’s or Doctoral degree. Poverty level was composed of poor (reference), near
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poor, low income, middle income, and high income; categorization represents family
income as a percentage of Federal Poverty Line. Provider type consists of General
Practice (reference), Medical Specialist, and Alternative Care. Five categories were
used to represent the primary type of pharmacy used by patients: clinic/hospital
(reference), drug store, other store, mail-order, and online. Comorbidity index
severity level was categorized into three groups using each patient’s ACCI score:
mild (< 5), moderate (6-7), and severe (> 8). Finally, the primary medication class
variable depicts the Multum Therapeutic Class #1 and is divided into 15 distinct drug

classes; anti-infectives constitute the reference group for this variable.

Analyses

First, descriptive analysis was used to assess baseline characteristics across
polypharmacy status. Univariate tests for differences in each variable across strata
were conducted using chi-squared tests. Second, Time Fixed Effects Modified
Poisson regression was used to estimate the associations between polypharmacy and
the hypothesized contributing factors from Figure 4.1. Calendar years corresponding
to each respective year of MEPS data constituted the Fixed Effects estimator and
were used to account for potential observable and unobservable systematic
differences between the appended years of data. Re-weighting was performed by
dividing person-level weights by ten to account for the compiled years of data. The
newly derived weights replaced the standard MEPS person-level weights included in
the data set and were used in the survey design. The full MEPS survey design was

applied and used throughout the analysis.
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Modified Poisson regression was selected for our analyses as exponentiation
of its coefficients delivers relative risk ratios when used with a binary outcome
variable. Relative risk ratios are deemed more meaningful to epidemiologists and
medical studies as most clinical research is used to assess risk (Zou, 2004). Modified
Poisson also delivers several benefits over traditional logistic regression despite its
common use in studies with a binary response variable. Unlike odds ratios which are
highly dependent upon the data and model specification, risk ratios derived using
Modified Poisson regression are generally considered robust (Norton & Dowd,
2018a; Zou, 2004). Results derived using Modified Poisson can be compared across
studies, whereas the model specification issues that arise when using logistic
regression preclude odds ratios from having any meaningful comparison across
different models (Norton & Dowd, 2018a). Lastly, relative risk ratios allow for the
discussion of results in terms of the probability of an event occurring (risk);
comparison of results in terms of percentage increases and decreases of the
probability of an event occurring is more useful to research and clinical community
alike.

Prospective models were compared using the Akaike Information Criterion
(AIC) and Bayesian Information Criterion (BIC); the model with the lowest AIC and
BIC values represented the best fit and was used in the analyses. Coefficients and
significance levels were also compared across models as an additional measure used
to assess model fit. Potential correlation was assessed pre-analyses using correlation

matrices; Variance Inflation Factors (VIF) were used as a post-estimation check to
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rule out multicollinearity. With a high VIF of 2.3 (threshold < 10) on age,
multicollinearity was ruled out for this study.

Sensitivity analyses used model variation and the exclusion/inclusion of
MEPS survey design to assess the robustness of findings. Model variation was
conducted by adding and subtracting independent variables from our model as well as
altering variable constructs. Once the optimal model was designated, it was run with
and without the MEPS survey design. This comparison served as a final model
assessment and allowed us to view the findings within the context of sample and
population-level parameters. Lastly, our model was run using logistic regression to
determine how the two types of regression differ in terms of the results; this method
also was used to assess the rationale for using Modified Poisson which stated that
odds ratios are highly dependent upon model specification and often exaggerate the
magnitude of the results. All analyses were performed using R version 4.1.3. The full

model used in the analysis is depicted below.

Yi= Po+ BiXa + f2Xp + P3Xct faXa + PsXe + PoXr + frXg + PsXnt PoXi + 10X+ BriXk

+B12X1 +f13Xm + 02-10T11-19F i

Yi: Polypharmacy Xp: Dual Eligibility Status

Xa: Age Xi: Comorbidity Index Severity Level
Xp: Gender Xj: Perceived Health Status

X.: Marital Status Xi: Usual Provider Type

Xu: Race/Ethnicity Xi: Primary Pharmacy Type

Xe: Education Xm: Medication Class
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Xy Poverty Level T11-19: Year Fixed Effects Estimator

X, Region of Residence

Results
Descriptive Statistics

Among the 13,338 individuals who compose the sample, 7,354 (55%) were
found to be polypharmacy. Of the 7,354 polypharmacy patients, 2,315 (31%) meet
the threshold for hyperpolypharmacy (> 10 medications). Additionally, the mean
number of unique medications taken per patient was 5.96 (range 1-35: SD 4.22). Age
was relatively balanced across the four categories; however, highest proportions of
polypharmacy patients were observed in individuals between the ages of 70 and 80.
Females made up 58% of the sample and a larger proportion of polypharmacy
patients (59.5%). Nearly fifty-two percent of our sample was married and over two-
thirds identified as being non-Hispanic White. Thirteen percent of respondents had
household incomes at or below the federal poverty line while 35% were designate as
“High Income”; 39% of all respondents resided in the southern region of the US.
Lastly, 15% of patients were also insured under Medicaid, making them dual-eligible

beneficiaries (see Table 4.1a).
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Table 4.1a

Socio-demographic characteristics across polypharmacy

Total

Palypharmacy

NO

YES

{N=13338) [N=5934) (N=T354)  F-value
Age (years)
G569 4335 (32.5%) 1985 (33.2%) 2350 (32.0%) 0064
70-74 3309 (24 8%) 1448 (24.2%) 1861 (25.3%)
75-75 2489 (18.7%) 1060 (17.7%) 1429 {19.4%)
= 80 3205 (24.0%) 1491 (24.5%) 1714 (23.3%)
Gender
MALE 5620 (42.1%) 2639 (44.1%) 2981 {405%) <0001
FEMALE TT1G(ST.9%)  3345(55.9%) 4373(59.5%)
Marital Status
NOT MARRIED G439 (48.3%)  2695(45.0%) 3744 (50.9%)  <0.001
MARRIED BEY9(51.7%)  3289(55.0%) 3010 (49.1%)
Race/Ethnicity
NH WHITE BOB1 (67.3%) 3973 (66.4%) 5008 (6B.1%) 0.022
MH BLACK 1952 (14.6%) 902 (15.1%) 1050 (14.3%)
HISPANIC 1416 {10.6%) G623 (10.4%) 793 {10.8%)
NH ASIAN 725 (5.4%) 375 (B.3%) 350 (4.8%)
NH OTHER/MULTI-RACE 264 (2.0%) 111 (1.9%) 153(2.1%)
Education
LESS THAN HIGH SCHOOL 2739 (20.5%) 151 (19.2%) 1588 (21.6%) <0001
HIGH SCHOOL G084 (456%) 2669 (446%) 3415(46.4%)
A4 OR OTHER DEGREE 1009 (7.6%) 464 {7.8%) 545 (7.4%)
BACHELORS 1935 (14.5%) 944 {15.8%) 991 {13.5%)
MASTERS OR DOCTORAL 1671 (11.8%) TE6 {12.6%) 815 (11.1%)
Poverty Level
POOR 176% (13.3%) TET (12.8%) 1002 (13.6%) 0015
NEAR POCR 829 (6.2%) 341 {5.7%) 438 (6.6%)
LOW INCOME 2245 (16.8%) G987 (16.5%) 1258 (17.1%)
MIDOLE INCOME 3546 (28.8%) 1692 (28.3%) 2154 (29.3%)
HIGH INCOME 4649 (349%) 2197 (36.7%) 2452(33.3%)
Residence Region
MORTHEAST 2427 (18.2%) 1130 (18.9%) 1297 (17.6%) 0002
MIDWEST 2840 (21.3%) 1246 (20.8%) 1594 (21.7%)
SOUTH 169 ({38.T%)  2219(371%) 2940 {40.0%)
WEST 2912 (21.8%) 1389 (23.2%) 1523 (20.7%)
Dual Eligible
MO 11340 (85.0%) 5264 (88.0%) 6076 (826%) <0001
YES 1988 (15.0%) T20(12.0%) 1278 (17.4%)

Mote: Univariate tests for differsnces in each variable across strata were conducted using a chi-
squars test for categorical variables. Povalues aszociated with these tests are shown in the last

column.

Examination of individual health characteristics across polypharmacy status
suggested the existence of a strong relationship between comorbidity and

polypharmacy. Individuals with moderate and severe levels of comorbidity have the
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greatest within group proportions of polypharmacy at 61% and 69%, respectively. In
terms of perceived health status, proportions of individuals represented in the
polypharmacy group increased as perceived health worsened. Polypharmacy patients
composed 52% of those who responded to be in “excellent” health and 78% of those
in “poor” health.

Table 4.1b
Individual health and health environment characteristics across polypharmacy

Folypharmmacy

[HLJ ;glas] {H=Hﬂgﬂd]| [NITEsssap P.value
Comorbidity Index Level
MILD G944 (52 1%) 3639 (B0.8%) 3305 (449%) <0001
MODERATE 4555 (34.2%) 1782 (29.8%) 2773 (37.7%)
SEVERE 1839 [13.8%) 563 (9.4%) 1276 (17.4%)
Percelved Health Status
EXCELLENT 2965 (16.2%) 1328 (22.2%) 837 (11.4%) <0001
VERY GOOD 3874 (29.0%) 1952 (326%) 1922 (26.1%)
[calaln] 4239 (31.8%) 1724 (28.8%) 2515 (34.2%)
FAIR 2351 [17.6%) Ta0 (13.2%) 1561 (21.2%)
POOR 709 (5.3%) 190 {3.2%) 519 (7.1%)
Usual Source of Care Provider
GENERAL PRACTICE 12726 (95.4%) BBTT (94.9%) 7049 (95.9%)  0.0811
MEDICAL SPECIALIST 5TT (4.3%) 28T (4.8%) 290 (3.9%)
ALTERMATIVE CARE 35 (0.3%) 20 (0.3%) 15 {0.2%)
Primary Pharmacy Type
CLINIC/HOSPITAL 887 (6.79%) 383 (B.4%) 504 (5.9%) 0368
DRUG STORE 6676 (50.1%%) 3018 (50.4%) 3658 (49.7%)
OTHER STORE 3672 (27.5%) 1680 (28.2%) 1982 (27.0%)
MAIL-ORDER 1998 (15.0%) 845 (14.1%) MBI {15.7%)
GMLINE 105 (0.8%) 48 (0.8%) 5T (0.8%)
Mulium Therapeutic Class #1
ANTI-INFECTIVES 434 (3.3%) 330 (5.5%) 104 [1.4%) <0001
ANTINEQOPLASTICS 68 [0.5%) 44 (0.7%) 24 (0.3%)
CARDIOVASCULAR AGENTS 4728 (35.4%) 1604 (28.3%) 3034 (41.3%)
CMNS AGENTS 1644 [12.3%) BET (11.1%) 97T (13.3%)
COAGULATICN MODIFIERS 282 (2.2%) 177 (3.0%) 115 {1.6%)
Gl AGENTS 428 (3.2%) 236 (3.9%) 192 (2.6%)
HORMONE MODIFIERS 802 (6.0%%) 486 (8.1%) 316 (4.3%)
MISCELLANEQUS AGENTS 42 (0.3%) 18 (0,3%) 24 (0.3%)
GENITOURINARY AGENTS T2 (0.5%) 40 (0.7%) 32 (0.4%)
HUTRITIONAL PRODUCTS 178 (1.3%) 94 (1.6%) 34 (1.1%)
RESPIRATORY AGENTS 397 (3.0%) 152 [2.5%) 245 (3.3%)
TOPICAL AGENTS 728 (5.5%) 392 (B.6%) 336 (4.6%)
PEYCHOTHERARPEUTIC AGENTS 400 (3.0%) 200 (3.3%) 200 [2.7%)
IMMUNOLOGICAL AGENTS & (0.1%) T (01%3) 1{0.0%)
METABOLIC AGENTS INT(234%) 1447 (24.2%) 1670 (22.7%)

MNote: Univariate tests for differances in each variable across strata were conducted using a chi-squars
test for categorical variables. P-values associated with these tests are shown in the last column.
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Within the context of the healthcare environment, over 95% of patients are

seen by primary care providers for their routine care. Those treated regularly within

the primary care setting experience higher intra-group rates of polypharmacy (55%),

when compared with those followed by medical specialists (50%) or alternative care

providers (43%). Additionally, cardiovascular agents (41.3%), metabolic agents

(22.7%), and central nervous system agents (13.3%) were the most prevalent

medication classes taken among polypharmacy patients. Lastly, examination of

differences across polypharmacy status by data year revealed that 2012 (42%) and

2013 (71%) were associated with the lowest and highest within year polypharmacy

rates, respectively.

Table 4.1c

Year Fixed Effects estimator across polypharmacy

Polypharmacy

[N=T 10 ';3'33: N :igsél} N 153554} P-value
Year Fixed Effects Estimator
10 1502 (113%) 643 (10.7%) 859 (11.7%)  <0.001
11 1210 (5.1%) 511 (8.5%) G55 (9.5%)
12 557(42%)  325(5.4%) 232 (32%)
13 760 (5.7%)  219(3.7%) 541 (7.4%)
14 1443 (10.8%) 734 (123%) 709 (9.6%)
15 79T (6.0%)  257(43%) 540 (7.3%)
16 1375 (10.3%) 22 (11].4%} 7aT (10.3%)
17 1341 (101%)  556(9.3%) 785 (10.7%)
18 2256 (16.9%) 969 (16.2%) 1286 [17.5%)
19 2094 (15.7%) 1146 (19.2%) 946 (12.9%)

Note: Univariate tests for differsnces in 2ach variable across strata wers conducted using a chi-
square test for categorical variables. P-values associated with these tests are shown in the last

column.

Multivariate Regression

Results showed polypharmacy to have statistically significant associations

with several socio-demographic, individual health, and healthcare environment
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factors. Among socio-demographic factors (Table 4.2a), individuals over the age of
eighty (RR: 0.875, p <0.001), married individuals (RR: 0.930, p <0.001), non-
Hispanic Blacks (RR: 0.864, p < 0.001), and non-Hispanic Asians (RR: 0.880, p <
0.05) were associated with lower relative risks of polypharmacy. Conversely, being
female (RR: 1.088, p <0.001), a high school graduate (RR: 1.061, p <0.01), middle
income (RR:1.077, p <0.05), and high income (RR: 1.107, p <0.01) were associated
with greater polypharmacy risk. Dual eligible beneficiaries (RR: 1.110, p <0.001)
and patients residing in the South (RR: 1.060, p < 0.05) were also found to have
higher relative risks of polypharmacy.

Among clinical factors (Table 4.2b), patients with moderate (RR: 1.217, p <
0.001) and severe (RR: 1.306, p <0.001) comorbidities were found to have increased
polypharmacy risks when compared with patients with mild levels of comorbidity.
Perceived health status was shown to have an inverse relationship with polypharmacy
risk; the greatest relative polypharmacy risk (RR: 1.561, p <0.001) was seen among
patients with poor perceived health, the lowest category of health represented in the
variable. Patients routinely seen by a medical specialist had a lower relative risk of
polypharmacy (RR: 0.893, p < 0.05) than those treated by general practice providers.
Lastly, while nearly all medication classes are associated with increased risks of
polypharmacy, the greatest risks are seen among individuals prescribed
cardiovascular agents (RR: 2.235, p < 0.001), respiratory agents (RR: 2.081, p <

0.001), and central nervous system agents (RR: 1.939, p <0.001).
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Table 4.2a
Associations between socio-demographic factors and polypharmacy

Modified Poisson
RR 5% CT Robust SE _p-value

Age [ ref: 65-69 years]

70-74 0.986 (0.939,1.036) 0.025 0.576

73-79 0.963 (0.915,1.013) 0.026 0.146

= 80 0.875 (0.830,0.922) 0.027 0.000
Gender [ref: male]

Female 1.088 (1.047.1.131) 0.020 0.000
Marital Status [ref: not married]

Married 0.930 (0.894,0.968) 0.020 0.000
Race/Ethnicity [ref: Non-Hispanic White]

Mon-Hispanic Black 0.864 (0.818,0.914) 0.028 0.000

Hispanic 0.957 (0.897.1.020) 0.035 0.173

Non-Hispanic Asian 0.880 (0.788,0.982) 0.036 0.023

Mon-Hispanic Other 1.007 (0.895,1.133) 0.060 0.903
Education [ref: Less than HS]

High School 1.061 (1.015,1.108) 0.022 0.008

Associate's/Other Degree 0975 (0.904,1.052) 0.039 0515

Bachelor's Degree 1.040 (0.979,1.105) 0.031 0.202

Master's or Doctoral Degree 1.069 (0.955,1.148) 0.036 0.067
Poverty Level [ref: Poor]

Mear Poor 1.006 (0.926,1.092) 0.042 0.892

Low Income 1.028 (0.961,1.099) 0.034 0.428

Middle Income 1.077 (1.008,1.115) 0.034 0.029

High Income 1107 (1.030.1.190) 0.037 0.006
Region [ref: Northeast]

Midwrest 1.035 (0.979,1.094) 0.028 0.222

South 1.060 (1.007.1.115) 0.026 0.026

West 1.021 (0.939,1.088) 0.032 0.509
Dual Eligible [ref: No]

Tes 1.110 (1.051,1.173) 0.028 0.000

Note: Table displays relative risk ratios, 93% confidence intervals, robust standard
errors, and p-values for Time Fixed Effects Modified Poisson Regression utilizing
MEPS full survey design. Person-level MEPS weights were re-scaled by dividing the
weights by ten (PW/10)) to account for ten vears of pooled data. Calendar vears
corresponding to each vear of MEPS data were used to account for potential
observable and unobservable systematic differances between the appended vears of
data included in the study.

42



Table 4.2b
Associations between clinical factors and pelypharmacy

Modified Poisson
RR 95% CI  Robusit SE p-value
Comorbidity Index Severity Level [ref: Mild]

Moderate 1.217 (1.163,1.274) 0.023 0.000
Severe 1.306 (1.238,1.377) 0.027 0.000
Perceived Health Status [ref: Excellent]
Very Good 1.209 (1.119,1.303) 0.039 0.000
Good 1426 (1.327,1.531) 0.036 0.000
Fair 1.524 (1.418,1.638) 0.037 0.000
Poor 1361 (1.437,1.696) 0.042 0.000
Usual Source of Care Provider Type [ref: General Practice]
Medical Specialist 0.893 (0.810,0.985) 0.050 0.024
Alternative Care 0.683 (0433,1.07%) 0.232 0.102
Primary Pharmacy Type Used [ref: Clinic/Hospital]
Drug Store 0.967 (0.0.899,1.0417  0.037 0.373
Other Store 0.966 (0.888.1.052) 0.043 0.431
Mail-Order 1.041 (0.956,1.132) 0.043 0.354
Online 0.989 (0.799.1.224) 0.108 0.91%8
Multum Therapeutic Class #1 [ref: Anti-Infectives]
Antineoplastics 1.136 (0.746,1.730) 0.214 0.552
Cardiovascular Agents 2235 (1.8852.651) 0.087 0.000
Central Nervous System Agents 1.930 (1.626,2.313) 0.090 0.000
Coagulation Modifiers 1.371 (1.073,1.751) 0.124 0.012
(Gastro-Intestinal Agents 1.355 (1.257,1.923) 0.108 0.000
Hormone Modifiers 1.333 (1.260,1.865) 0.010 0.000
Miscellaneous Agents 1807 (1.214,2.690) 0.202 0.004
Genitourinary Agents 1452 (1.010,2.089) 0.183 0.044
Nutritional Products 1.650 (1.290,2.109) 0.125 0.000
Respiratory Agents 2081 (1.705.2.5400 0.101 0.000
Topical Agents 1742 (1.446,2.000) 0.005 0.000
Pzychotherapeutic Agents 1.598 (1.296,1.970) 0.106 0.000
Immunological Agents 0.519 (00853177 0.921 0.477
Metabolic Agents 1845 (1.544,2.203) 0.091 0.000

Mote: Table displays relative risk ratios, 95% confidence intervals, robust standard
errors, and p-values for Time Fixed Effects Modified Poisson Regression ufilizing
MEPS full survey design. Person-level MEPS weights were re-scaled by dividing the
weights by ten (PW/10) to account for ten vears of pooled data. Calendar vears
corresponding to each vear of MEPS data were used fo account for potential
observable and unobservable systematic differances between the appended vears of
data included in the studv.

Examination of the results across our Fixed Effects estimator indicate that
associations with polypharmacy varied considerably across the ten years of data
included in our study. Statistically significant associations were found in years 2012-

2015 as well as in 2019 (p < 0.001). The greatest increase in polypharmacy risk when
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compared with our 2010 reference occurred in 2013 (RR: 1.194) and the greatest

decrease occurred in 2019 (RR: 0.782).

Table 4.2¢
Associations between data year and polypharmacy

Modified Poisson
RR 95% CI Robust SE_p-value
Year Fixed Effects Estimator [ref: 2010]

2011 1.043 (0.957,1.138)  0.044 0.337
2012 0.755 (0.667,0.854)  0.083 0.000
2013 1.194 (1.109,1.285)  0.038 0.000
2014 0.834 (0.784,0.9300  0.043 0.000
2015 1.168 (1.092,1.249)  0.034 0.000
2016 0944 (0.878,1.014) 0037 0.115
2017 0988 (0.917,1.063) 0.038 0.740
2018 0985 (0.928.1.046) 0.030 0.618
2019 0.782 (0.730,0.838) 0.035 0.000

Note: Table displavs relative risk ratios, 95% confidence intervals, robust standard
errors, and p-values for Time Foied Effects Modified Poisson Regression ufilizing
MEPS full survev design. Person-level MEPS weights were re-scaled by dividing the
weights by ten (PW/10) to account for ten vears of pooled data. Calendar vears
corresponding to each vear of MEPS data were used to account for potential
observable and unobservable systematic differances between the appended vears of
data included i the study.

Sensitivity analysis performed using model and variable construct variation
found changes to the equation to exhibit negligible effect on the practical and
statistical significance of the results. However, comparison between the continuous
and categorical constructs of age helped explain the negative association between age
and polypharmacy when used as a continuous variable. When the categorical
construct was applied, we noted that all age groups carried statistically insignificant
negative associations with polypharmacy except for individuals aged 80 and older
(RR: 0.875, p <0.001).

Survey design-based comparisons found minor variation in terms of practical
significance across both models. Additionally, statistical significance was maintained

across both models except for high school education level, middle income level,
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South region of residence, and medical specialist provider type; all four of these
variable categories were statistically insignificant at the p < 0.05 level in our non-
survey weighted model. Lastly, comparison between our Modified Poisson regression
model and the logistic regression model yielded comparable results in terms of
statistical significance and the direction of association (see Table A.2); however, the
odds ratios associated with logistic regression appeared to be overestimated across

several factors.

Discussion

While many of the existing studies on our topic used logistic regression to
derive odds ratios, a methodology that has been shown to make cross study
comparisons difficult, it was still possible for us to compare previous findings with
our results based on statistical significance and the direction of association. Across
socio-demographic factors, our findings show female gender to be associated with
increased polypharmacy risk (RR: 1.088, p <0.001). This finding is consistent with a
study by Jyrkka et al. 2009; however, Rieckert et al. 2018 found no association
between sex and polypharmacy (Jyrkké et al., 2009; Rieckert et al., 2018). Like
Cashion et al. 2015, our study found non-Hispanic Blacks to have a decreased risk of
polypharmacy (RR: 0.864, p <0.001) when compared with non-Hispanic Whites
(Cashion et al., 2015). In our study, we also found the risk of polypharmacy to be
lower for non-Hispanic Asians (RR: 0.880, p < 0.05). While this may be attributed to
healthier lifestyles or a propensity towards the use of alternative medicines, further

research is needed to determine what other factors may impact this finding.
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Increased polypharmacy risk seen among middle (RR:1.077, p < 0.05) and
high income (RR: 1.107, p < 0.01) groups may indicate that poverty level serves as a
predictor of healthcare access (McMaughan et al., 2020). This hypothesis is further
supported by our finding for dual eligible beneficiaries. With a relative risk ratio of
1.110 (p <0.01), our results suggest that the addition of Medicaid coverage increases
a patient’s risk of polypharmacy by 11%; the additional coverage is thought to
increase the risk of polypharmacy through improved access to care for low-income
populations. Increased polypharmacy risk among those with higher educational
attainment is also indicative of improved access to care. College-educated individuals
are more likely to work in industries where employer-based health insurance is more
prevalent. Additionally, higher educational attainment is often associated with
improved socio-economic status making insurance coverage more affordable and
obtainable for this subset of the population.

In terms of clinical factors, our findings across comorbidity severity level
comport with previous studies showing the presence of multiple chronic illnesses to
be associated with significant increases in the odds of polypharmacy (Rieckert et al.,
2018; Wongpakaran et al., 2018). Given that medications are typically prescribed to
treat or assuage an ailment, we would expect individuals with multiple chronic
illnesses to be impacted the most by concomitant medication use. Analysis of usual
provider type found patients seen by medical specialists for their routine care to be
associated with lower risks of polypharmacy (RR: 0.893, p < 0.05) when compared
with those treated by general practitioners. This finding is likely impacted by several

factors that are tied to increased polypharmacy risk in a general practice setting as
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opposed to specific measures taken by medical specialist to lower the risk of
polypharmacy among the patients they care for. Namely, most prescribing occurs in
primary care settings as medications are often used as an early form of treatment prior
to a patient’s referral to a specialty clinic; most patients also received reauthorizations
for refills through their primary care physicians. Additionally, most general
practitioners are empaneled a greater number of patients and often have to choose
between competing clinical priorities; most providers feel they lack the necessary
time to truly address issues arising from polypharmacy (Payne & Avery, 2011).
Lastly, despite our Fixed Effects estimator indicating several years of statistically
significant associations with polypharmacy, the alternating (increase, decrease)
relative risk ratios seen between 2012 and 2015 and the statistically insignificant
associations from 2016 to 2018, reveal there to be no discernable trend in
polypharmacy risk across the decade.

Overall, this study finds polypharmacy risk to be associated with socio-
demographic, individual health, and healthcare environment factors. This study both
confirms existing findings in the field and adds new insights that improve our
understanding of why certain patients carry a higher risk of polypharmacy than
others. The use of nationally representative survey data improves generalizability of
the results by eliminating bias that may have occurred due to geographic variation
and allows us to make inferences about the entire US population using the findings
from our sample. In lieu of these findings, additional research into the factors
affecting socio-demographic disparities within the context of polypharmacy is

suggested.
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Limitations

Primary limitations within this study can be attributed to the type of data used.
MEPS data is cross-sectional and thus cannot be used for longitudinal studies; despite
appending ten years of data, each year must be viewed as being independent of the
preceding or following years. The prescribed medication files indicate prescribing
patterns but do not necessarily infer usage. This study equates prescribing to usage;
however, verification of usage is not possible. Additionally, only prescription
medications are captured in the data precluding the inclusion of over-the-counter
medications in our analyses. Despite our best attempts to capture all contributors to
polypharmacy within the model, the list of factors included is not exhaustive; omitted
variables have the potential to impact our findings and may lead to biased results.
Lastly, while nationally representative survey data leads to improved generalizability
of results, the self-reported nature of responses make them unverifiable and

susceptible to response bias.
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Chapter 5: Estimating the Association Between Polypharmacy and Total
Medical Expenditures Among Individuals Aged 65 and older

Introduction

Totaling 56.1 million, adults aged 65 and older currently account for 16.9% of
the US population (Bureau, n.d.). Coupled with a rapidly ageing population, this
number is expected to reach an estimated 73 million by 2030 and 85.7 million by
2050 (Bureau, n.d.). This demographic shift is likely to have severe cost-related
implications for our healthcare system whose National Health Expenditures (NHE)
already account for 18.3% ($4.3 trillion) of the US Gross Domestic Product (GDP)
(NHE Fact Sheet | CMS, n.d.). With Medicare spending alone growing by 8.4% in
2021 to $900.8 billion, the forecasted population expansion has the potential to
catapult healthcare expenditures to new heights over the next two decades (NHE Fact
Sheet | CMS, n.d.).

According to the Medicare Current Beneficiary Study (MCBS), individuals
between the ages of 70 and 90 make up a mere 10% of the US population yet account
for nearly 52% of annual healthcare spending (Nardi et al., 2016). A primary reason
for the excessive cost of treating the elderly is the prevalence of chronic health
conditions among the population. According to the Centers for Disease Control and
Prevention (CDC), over 85% of individuals over the age of 65 have at least one
chronic illness; this percentage is even higher at 87% for females (Health Policy Data
Requests - Percent of U.S. Adults 55 and Over with Chronic Conditions, 2019).

Additionally, more than 23% of elderly patients were found to have three or more
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chronic conditions (Health Policy Data Requests - Percent of U.S. Adults 55 and
Over with Chronic Conditions, 2019).

Caring for patients with high degrees of comorbidity often requires complex
and costly treatment regimens. Pharmaceutical intervention, a vital component of
most treatment plans, can lead to polypharmacy when multiple medications are
prescribed for separate medical conditions. Although a necessary outcome in many
instances, polypharmacy has the potential to negatively impact the utilization of
medical services and associated healthcare costs (Davies et al., 2020). While
polypharmacy’s impact on several measures of utilization is well described in
existing literature, its association with medical expenditures has garnered less
attention from the research community.

Existing studies have largely sought to explore polypharmacy’s association
with prescription costs and estimate the cost-saving potential of deprescribing
measures on medication expenditures (Kojima et al., 2012; Richardson et al., 2012).
Over the past two years, however, attempts have been made to estimate
polypharmacy’s association with non-prescription expenditures (Kwak et al., 2022).
Using a single year of MEPS data (2017) and a sample consisting of 1,610 elderly
patients with cardiovascular disease, Kwak et al. found polypharmacy to have a
practical and statistically significant association with total medical expenditures (IRR:
1.98, p <0.001). These findings suggest that polypharmacy’s impact on healthcare
costs may extend beyond medication-related expenditures and further research on the

topic is warranted. To improve generalizability of prospective findings, however,
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future research should be conducted using multiple years of data and a broader

sample that includes all patients aged 65 or older.

Innovation

This study goes beyond existing literature by estimating the association
between polypharmacy and total medical expenditures. While adjusting for potential
confounders across demographic, socioeconomic, and health-related factors, our
analysis seeks to determine if polypharmacy’s cost-related impact extends beyond
prescription-related expenditures. Additionally, the study seeks to quantify this
impact by estimating the marginal effects associated with polypharmacy across total,
inpatient, outpatient, emergency room, and prescription expenditures. Carried out
using nationally representative survey data, the marginal expenditures derived from
our analyses provide generalized estimations that can be used to inform prospective

policies at the local, state, and national levels.

Conceptual Framework

Utilizing the conceptual framework in Figure 3.1, we hypothesize
polypharmacy to be a contributing factor to utilization-related outcomes including
medical expenditures. Adjusting for the potential confounders included in Figure 4.1,
we seek to estimate the independent association between polypharmacy and our
variable of interest. Theorized relationships between polypharmacy and total medical
expenditures as well as among potential confounders across socio-demographic and

health-related factors were used to inform the regression model used in this study.
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Methods

Data and Measures

To estimate the association between polypharmacy and total medical
expenditures, our analysis utilized ten years of aggregated MEPS data (2010-2019).
Using the conceptual framework outlined in Figure 3.1, polypharmacy was selected
as the primary exposure variable. Confounders were composed of individual health
and socio-demographic factors selected using Andersen’s predisposing, enabling and
need factors and healthcare environment factors derived from Linsky’s deprescribing
model (R. M. Andersen, 1995b; Linsky et al., 2019).

Total medical expenditures were used as the outcome variable in this study.
This continuous variable represents the total annual amount spent on healthcare by
each patient. The amount aggregates expenditures from across a variety of services
and settings to include inpatient, outpatient, emergency room, and prescribed
medication costs. Across our sample, all 13,338 patients had some form of healthcare
expenditure throughout the year. The minimum and maximum total medical
expenditure were $5 and $324,413, respectively. The standard deviation of total
medical expenditures across our sample was $19,437.20. Continuous variables
representing inpatient, outpatient, emergency room, and prescription expenditures
were used as outcome variables in the sub-aim analyses.

Polypharmacy’s binary construct was used as the exposure variable in the
primary and sub-aim analyses as it allows for the direct comparison of associations
with total medical expenditures between the two groups: polypharmacy (> 5

medications) and nonpolypharmacy (< 5 medications). Effectively, polypharmacy
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(“17) patients constitute the treatment group within our study and nonpolypharmacy
patients (“0’) represent the control group. A categorical construct of polypharmacy
consisting of nonpolypharmacy (< 5 medications), polypharmacy (> 5 & < 10
medications), and hyperpolypharmacy (> 10 medications) was used in the sensitivity
analysis for the primary aim to assess the impact of polypharmacy severity on total
medical expenditures.

Aside from polypharmacy, 12 independent variables were used in our study to
adjust for potential confounding. Selected for their alignment with the conceptual
model, they are described below using their variable class. Of the 12 variables used to
adjust for potential confounding, one is continuous, three are binary, and eight are
categorical. As the only continuous variable included in the model, age denotes
patient age at the time of the survey. Binary variables consist of patient gender (male
“0”, female “1”’), marital status (single “0”, married “1”), and dual eligibility status
(no “0”, yes “17).

Categorical variables were used to adjust for race/ethnicity, residence region,
education, family income level, perceived health status, provider type, comorbidity
index severity level, and primary medication class. Race/ethnicity was divided across
five categories: non-Hispanic White (reference), non-Hispanic Black, Hispanic, non-
Hispanic Asian, non-Hispanic other/mixed race. Region of residence was divided in
Northeast (reference), Midwest, South, and West. Education was composed of five
levels: less than high school (reference), high school, Associate’s or other degree,
Bachelor’s Degree, Master’s or Doctoral degree. Family income level was divided

into four categories: < $50k (reference), $50k-$99k, $100k-$149k, and > $150k.
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Perceived health status consists of five categories: excellent (reference), very good,
good, fair, and poor. Provider type is composed of General Practice (reference),
Medical Specialist, and Alternative Care. The comorbidity index severity level
variable depicts patient comorbidity severity/disease burden and is divided into three
categories using each patient’s ACCI: mild (< 5, reference), moderate (6-7), and
severe (> 8). Lastly, the medication class variable depicts the primary Multum
Therapeutic Class #1 prescribed to patients and is divided into 15 distinct drug

classes; anti-infectives constitute the reference group for this variable.

Primary Analyses

Time Fixed Effects Generalized Linear Model regression with Gamma
distribution and log link was used in this study. Model selection was made after
visual tests showed the dependent variable to have a positive/right skewed
distribution and the Tweedie power parameter score of 2.28 verified Gamma to be the
correct GLM family for our model (Deb et al., 2014; Dunn & Smyth, 2001). Hurdle
models with a Logit first part and GLM w/Gamma second part were used in the sub-
analyses for outcome variables that had a substantial point mass at zero; existing
literature suggests hurdle models to be best suited to address the nuances of this data
(Deb & Norton, 2018; Mihaylova et al., 2011). Lastly, model specification was
further examined using AIC and BIC; the model with the lowest values across both
measures was determined to be the best fit.

Calendar years corresponding to each respective year of MEPS data were used
as the fixed effects estimator in our regression. This approach was used to specifically

account for potential observable and unobservable systematic differences between our
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data years. Existing MEPS person-level weights were re-weighted by dividing them
by ten to account for the multiple years of appended data. The new weights were used
in place of the standard MEPS weights in our survey design. The full MEPS survey
design was applied to all models used in our analyses. Potential issues related to
correlation were assessed pre-analyses using correlation matrices; Variance Inflation

Factors (VIF) were used as a post-estimation check to rule out multicollinearity.

Sub-aim Analyses

Sub-aim analyses used the same model and methods as the primary aim to
assess polypharmacy’s impact on inpatient, outpatient, emergency room, and
prescription expenditures. Polypharmacy’s associations with these expenditures were
assessed using the practical and statistical significance of the regression results.
Additional analyses were conducted using marginal effects to estimate the cost
differential between polypharmacy and nonpolypharmacy patients across the forms of
expenditures. Marginal effects were calculated using group averages and were
presented with their respective 95% confidence intervals.

Sensitivity analyses using model variation was conducted to validate the
model. Through the addition and subtraction of variables, we evaluated for model
robustness to ensure the correct model specification was being used. The model was
also run using the categorical construct of polypharmacy to assess the impact of
polypharmacy severity on our findings. This approach delivered a secondary
validation of polypharmacy’s association with total medical expenditures. All
analyses were performed using R version 4.1.3. The full model used during the

analyses is shown below.
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Yi: Medical Expenditures
Xa: Polypharmacy

Xp: Age

Xc: Gender

Xa: Race/Ethnicity

Xe: Education

Xy Family Income Level

Results

Primary Aim

Xo: Region of Residence

Xp: Dual Eligibility Status

Xi: Usual Provider Type

X;: Comorbidity Index Severity Level
Xi: Perceived Health Status

Xi: Medication Class

Tii-19: Year Fixed Effects Estimator

Findings from our primary analyses indicate polypharmacy to have a

statistically significant association with total medical expenditures (Coef: 0.570, p <

0.001). The positive sign on the coefficient indicates that the amount of spending is

higher for polypharmacy patients when compared with nonpolypharmacy patients.

The impact of hyperpolypharmacy on total medical expenditures carries an even

greater practical significance (Coef: 0.865) while remaining statistically significant at

the p <0.001 level. In addition to polypharmacy, we find statistically significant

associations across several socio-demographic and health-related factors.
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Table 5.1
Association between polypharmacy and total medical expenditures

Gamma w/Binary Exposuire Gamma w/Categorical Expostire
Coeff. 95% €I Robust SE p-value Coeff. 95% CI  Robust SE_p-value

Polypharmacy [ref: non-polypharmacy]

Polypharmacy 0570 (0.504,0.635) 0.033 0.000 0432 (0.361.0.302) 0.036 0.000
Hyperpolypharmacy 0.865 (0.789,0.941) 0.039 0.000
Age [continuous] 0.001 (-0.004,0.007) 0.003 0.619 0.003 (-0.002.0.008) 0.003 0.276
Gender [ref: male]
Female -0.069 (-0.139.0.001) 0.036 0.055 -0.081 (-0.153.-0.009y  0.037 0.028
Marital Status [ref: not married]
Married -0.057 (-0.132,0.018) 0.038 0.135 -0.029 (-0.136.0.018) 0.039 0.133
Race/Ethnicity [ref: Non-Hispanic White]
Non-Hispanic Black -0.107 (-0.194.-0.020)  0.044 0.016 -0.082 (-0.171.0.007) 0.045 0.072
Hispanic -0.124 (-0.238.-0.010%  0.058 0.033 -0.114 (-0.227.-0.001)  0.057 0.049
Non-Hispanic Asian -0.333 (-0.489.-0.177y  0.079 0.000 -0.308 (-0.464.-0.152)  0.079 0.000
Non-Hispanic Other -0.136 (-0.291,0.019) 0.079 0.086 -0.142 (-0.310.,0.027) 0.086 0.100
Education [ref: Less than HS]
High School 0.158  (0.071,0.283) 0.044 0.000 0,128 (0.041,0.216) 0.044 0.004
Associate's/Other Degree 0.143  (0.026,0.260) 0.059 0.016 0.109 (-0.009,0.227) 0.06 0.071
Bachelor's Degree 0.177  (0.071,0.283) 0.054 0.001 0.142 (0.035,0.248) 0.054 0.010
Master's or Doctoral Degres 0246 (0.138,0.354) 0.055 0.000 0203 (0.003,0.312) 0.056 0.000
Family Income [ref: < $50k]
$30k-599% 0.007 (-0.069.0.082) 0.039 0.861 0.014 (-0.065,0.002) 0.04 0.734
$100k-5149% 0.100  (0.001,0.199) 0.050 0.048 0112 (0.013,0.211) 0.05 0.027
= §150k 0.098 (-0.022,0.218) 0.061 0.108 0.103 (-0.016,0.222) 0.060 0.090
Region [ref: Northeast]
Midwest -0.006 (-0.102,0.091) 0.049 0904 -0.017 (-0.114,0.080) 0.049 0.730
South -0.156 (-0.226.-0.085)  0.036 0.000 -0.176 (-0.247.-0.105)  0.036 0.000
West -0.004 (-0.195.0.007) 0.051 0.068 -0.100 (-0.203.,0.004) 0.052 0.058
Dual Eligible [ref: No]
Yes 0331  (0.237,0.426) 0.048 0.000 0305 (0.209.0.401) 0.049 0.000
Usual Source of Care Provider Type [ref:General Practice]
Medical Specialist 0171 (0.031,0.311) 0.071 0.017 0201 (0.056,0.345) 0.074 0.007
Alternative Care -0.318 (-0.687,0.050) 0.187 0.080 -0.329 (-0.700,0.041) 0.188 0.081

Note: Table displays coeffecients, 95% confidence intervals, robust standard errors, and p-values for two regression models: 1)
wibinary polvpharmacy variable 2) w/categorical polypharmacy variable. Both regression models utilize MEPS Survey Design and
Time Fixed Effects GLM Regression w/Gamma distribution and log link. Person-level MEPS weights were re-scaled by dividing the
weights by ten (PW/10) to account for ten vears of pooled data. Calendar vears corresponding to each vear of MEPS data were used
to account for potential observable and unobservable systematic differences between the appended vears of data included in the study.

Across measures of race/ethnicity, we find non-Hispanic Blacks (Coef: -
0.107, p < 0.05), Hispanics (Coef: -0.124, p < 0.05), and non-Hispanic Asians (Coef:
-0.333, p < 0.001) to be associated with lower total medical expenditures when
compared with non-Hispanic Whites. We also find increased educational attainment
to be associated with higher total medical expenditures; high school graduates (Coef:
0.158, p <0.001), associate’s degree holders (Coef: 0.143, p < 0.05), bachelor’s
degree holders (Coef: 0.177, p <0.001), and master’s or doctoral degree holders

(Coef: 0.246, p < 0.001) are all associated with higher total medical expenditures
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when compared with individuals who have less than a high school education. In terms
of earnings, only individuals with gross family incomes between $100k and $150k
are associated with increased total medical expenditures (Coetf: 0.100, p < 0.05) when
compared with those earning less than $50k per year. Patients residing in the South
are shown to be associated with lower total medical expenditures (Coef: -0.156, p <
0.001) when compared with those who live in the Northeast. Dual eligible Medicare
and Medicaid patients have higher total medical expenditures (Coef: 0.331, p <
0.001) than those who are Medicare beneficiaries only.

Across individual health and healthcare environment factors, patients who are
regularly treated by medical specialists are associated with higher total medical
expenditures (Coef: 0.171, p < 0.05) than those routinely seen by a general
practitioner. Moderate (Coef: 0.331, p <0.001) and severe (Coef: 0.533, p <0.001)
comorbidity levels are both associated with increased total medical expenditures.
Worsening perceived health status was also shown to be associated with higher
medical expenditures; very good (Coef: 0.160), good (Coef: 0.346), fair (Coef:
0.615), and poor (Coef: 0.970) statuses were all statistically significant at the p <
0.001 level. Among medication classes, only cardiovascular agents (Coef: -0.222, p <
0.05), miscellaneous agents (Coef: 0.869, P < 0.001), nutritional products (Coef: -
0.308, p <0.05), and immunological agents (Coef: 1.603, p <0.001) were shown to
have a statistically significant association with total medical expenditures when
compared with the reference group. Lastly, examination of the coefficients and p-

values on the fixed effects estimators indicate a steady increase in total expenditures
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over 2010 values occurred in 2015 (Coef: 0.191, p <0.05), 2017 (Coet: 0.175, p <

0.01), 2018 (Coef: 0.322, p < 0.001), and 2019 (Coef: 0.362, p < 0.001).

Table 5.1ctd
Association between polypharmacy and total medical expenditures

Gamamna w/Binary Exposure Gamma w/Categorical Exposure
Coeff. 95% CT Robust SE_p-value Coeff" 95% T Robust SE_p-value
Comorbidity Index Severity Level [ref:Mild]

Moderate 0331  (0.262,0.400) 0.035 0,000 0313 (0.245,0.382) 0.035 0.000
Severe 0.533  (0.443,0.623) 0.046 0.000 0487 (0.398.0.576) 0.045 0.000
Perceived Health Status [ref: Excellent]
Very Good 0.160 (0.069,0.251) 0.046 0.000 0.159 (0.069.0.249) 0.046 0.000
Good 0346 (0.247,0.446) 0.051 0.000 0325 (0.225,0424) 0.051 0.000
Fair 0.615 (0.509,0.721) 0.054 0.000 0567 (0.461.0.673) 0.054 0.000
Poor 0.970 (0.826,1.113) 0.073 0.000 0920 (0.776.1.064) 0.073 0.000
Multum Therapeutic Class #1 [ref: Anti-Infectives]
Antineoplastics 0.027 (-0.475,0.330) 0.255 0,915 0.040 (-0.464.0.544) 0.256 0.877
Cardiovascular Agents -0.222 (-0.443.0.000) 0.113 0,050 -0.252 (-0.489.-0.014)  0.121 0.038
Central Nervous System Agents 0.114 (-0.115.0.343) 0.116 0.328 0.080 (-0.165.0.325) 0.124 0.522
Coagulation Modifiers 0.143 (-0.129.0.414) 0.138 0302 0132 (-0.149.0.413) 0.143 0.336
Gastro-Intestinal Agents -0.103 (-0.367.0.161) 0.134 0445 -0.114 (-0.393.0.164) 0.142 0.420
Hormone Modifiers -0.171 (-0.428.0.086) 0.131 0.191 -0.168 (-0.444.0.108) 0.14 0.232
Miscellaneous Agents 0.869 (0.434,1.284) 0.211 0,000 0.867 (0.453,1.282) 0.211 0.000
Genitourinary Agents 0373 (-0.321.1.066) 0.353 0202 0373 (-0.326.1.072) 0.355 0.2905
Nutritional Products -0.308 (-0.560.-0.057)  0.128 0,017 -0.328 (-0.593.-0.063) 0.135 0.015
Respiratory Agents -0.167 (-0.413.0.080) 0.125 0.185 -0.178 (-0.439.0.083) 0.133 0.181
Topical Agents -0.150 (-0.384.0.083) 0.119 0.206 -0.185 (-0.431.0.063) 0.125 0.139
Psychotherapeutic Agents -0.070 (-0.344.0.206) 0.140 0.620 -0.058 (-0.341.0.225) 0.144 0.688
Immunological Agents 1.603  (0.646,2.559) 0.486 0,001 1.591 (0.639.2.544) 0.484 0.001
Metabolic Agents -0.189 (-0.413.0.080) 0.114 0,009 -0.217 (-0.455.0.022) 0.121 0.075
Year Fixed Effects Estimator [ref: 2010]
2011 -0.023  (-0.152.0.107) 0.066 0.726 -0.032 (-0.168.0.104) 0.069 0.641
2012 -0.054 (-0.227.0.118) 0.088 0,537 -0.043 (-0.210.0.124) 0.085 0.612
2013 0.052 (-0.087.0.191) 0.071 0463 0024 (-0.117.0.165) 0.072 0.740
2014 0.132  (-0.002,0.266) 0.068 0,053  0.147 (0.009,0.285) 0.070 0.037
2015 0.191 (0.044,0.338) 0.075 0,011 0.160 (0.008.0.313) 0.077 0.039
2016 0.102  (-0.040,0.244) 0.072 0.159  0.102 (-0.046.0.250) 0.075 0.175
2017 0.175  (0.042,0.308) 0.068 0,010 0.189 (0.050,0.327) 0.07 0.008
2018 0322 (0.189,0.453) 0.068 0,000 0331 (0.192,0.470) 0.071 0.000
2019 0.362  (0.240,0.484) 0.062 0.000 0389 (0.262,0.516) 0.065 0.000

MNote: Table displays coeffecients, 95% confidence intervals, robust standard errors, and p-values for two regression models: 1)
wibinary polypharmacy variable 2) w/categorical polypharmacy variable. Both regression models utilize MEPS Survey Design and Time
Fixed Effects GLM Regression w/Gamma distribution and log link. Person-level MEPS weights were re-scaled by dividing the weights
by ten (PW/10) to account for ten years of pooled data. Calendar vears corresponding to each vear of MEPS data were used to
account for potential observable and unobservable systematic differences between the appended vears of data included in the study.

Sub-aim

Findings from our sub-aim further support the notion that polypharmacy status
has an independent association with several forms of medical expenditures.
Polypharmacy patients are shown to have greater odds of having inpatient (OR:1.814,

p <0.001), outpatient (OR: 1.596, p <0.001), and emergency room (OR: 1.786, p <
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0.001) related expenditures that nonpolypharmacy patients. Additionally, the amount
of expenditures conditional upon any spending is higher for polypharmacy patients
across inpatient (Coef: 0.190, p < 0.01), outpatient (Coef: 0.224, p <0.01), and
prescription (Coef: 0.682, p <0.001) related costs. Although polypharmacy patients
possess higher odds of having emergency room expenditures during the year, the
amount spent on their care in this setting does not differ significantly from

nonpolypharmacy patients.

Table 5.2
Marginal effects of polypharmacy on medical expenditures

Logit GLM w/Ganima
OR 95% CI _ Robust SE p-value Coeff. 95% CI  Robust SE p-value

Polypharmacy [ref: non-polypharmacy]

Polypharmacy (Total 3) 0.570 (0.504,0.635)  0.033 0.000
Polypharmacy (Inpatient §) 1.814 (1.591,2.068)  0.067 0.000 0.190 (0.073,0307)  0.060 0.002
Polypharmacy (Outpatient §) 1.596 (1.454,1.753)  0.048 0.000 0224 (0.067,0.382)  0.080 0.005
Polypharmacy (Emergency Room $) 1.786 (1.582.2.016)  0.062 0.000 0.100 (-0.034.0.233) 0.068 0.142
Polypharmacy (Prescription §) 0.682 (0.582,0.781)  0.051 0.000
Average Individual Expenditures [3]
Total 95 % CI($)
Non-Polvpharmacy § 4.566.48 (3417.01,6102.62)
Polypharmacy $ 8.071.40 (5963.90,10023.62)
Marginal Effect $ 3.504.92  (2346.89.4821.00)
Inpatient

Non-Polypharmacy ] 19.361.01 (11668.12,32125.89)
Polypharmacy § 23.413.20 (13891.04.30452.69)
Marginal Effect $ 4,052.19 (2222.92,7336.80)

Quipatient
Non-Polypharmacy $ 1.486.23  (987.03,2237.89)
Polypharmacy § 1.859.59  (1164.74,2968.97)
Marginal Effect § 37336 (177.71,731.08)

Emergency Room

Non-Polypharmacy $ 05536 (618.08,1474.53)
Polypharmacy $ 1,055.56  (662.02,1683.04)
Marginal Effect $ 10020 (43.04.208.51)

Prescription
Non-Polypharmacy $ 807.08 (309.35,1278.86)
Polypharmacy $ 159549 (999.46,2546.96)
Marginal Effect § 788.41  (490.11,1268.10)

marginal effects for four regression models that use the binary form of polypharmacy as the primary exposure variable : 1)
wiinpatient expenditures, 2) w/outpatient expenditures, 3) w/emergency room expenditures, and 4) w/prescription expenditures. All
regression models utilize MEPS Survey Design and Time Fixed Effects GLM Regression w/Gamma distribution and log link. Person-
level MEPS weights were re-scaled by dividing the weights by ten (PW/10) to account for ten years of pooled data. Calendar years
corresponding to each vear of MEPS data were used to account for potential observable and unobservable systematic differences
between the appended vears of data included i the study. ** Only metrics pertaining to our primary exposure variable are shown
this table. All four regressions were adjusted for the same confounders used in the primary analysis and have the same regression
model with the exception of the outcome vaniable of interest.

Note: Table displays odds ratios (1st part),coeffecients (2nd part), 95% confidence intervals, robust standard errors, p-values, and
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Further examination using marginal effects verifies that polypharmacy
patients are associated with higher (mean) total ($8,071.40), inpatient ($23,413.20),
outpatient ($1,859.59), and prescription ($1,595.49) expenditures. The highest
average cost differential between the two groups is seen for inpatient expenditures
($4,052.19). Significant differences also exist across total medical expenditures and
prescription expenditures with average marginal effects of $3,504.92 and $788.41,
respectively. The use of marginal effects for emergency room expenditures shows the
difference between our two groups to be small ($100.20); this result supports our
previous analyses that found the association between polypharmacy status and
emergency room expenditures conditional upon having any expenditure to be
statistically insignificant. Lastly, sensitivity analyses performed using the categorical
construct of polypharmacy validated the associations found when using the binary
form of polypharmacy. After comparison, only minor changes to practical and
statistical significance were observed across some variables; results can be viewed in

Table 5.1.

Discussion

Our findings suggest polypharmacy to be associated with several forms of
medical expenditures to include our main outcome of interest, total medical
expenditures. More specifically, our primary analysis indicates that while controlling
for potential confounders in our model, polypharmacy is shown to be associated with
an increase in total medical expenditures (Coef: 0.570, p <0.001). Given that our
total medical expenditures variable aggregates costs from across different services

and settings, one would expect there to be a cost differential across our polypharmacy
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groups resulting from disparities in prescription-related costs alone. However, the
magnitude of the association suggests total medical expenditures is not solely
impacted by medication costs. As medical expenditures are primarily a byproduct of
health services utilization, previous studies alluding to polypharmacy’s positive
associations with several negative outcomes deliver explanations for the mechanisms
responsible for the increase in total expenditures among polypharmacy patients (Abe
et al., 2015; Chang et al., 2020; Davies et al., 2020).

Despite the paucity of existing research on the topic, our study bolster’s the
findings by Kwak et al., 2020. While differences in methodology across sample
population, scope, and analyses methods preclude direct comparison, the results both
confirm polypharmacy to have a practically and statistically significant association
with total medical expenditures. With respect to group means, we estimated
polypharmacy patients to have a mean expected annual expenditure of $8,071; this
estimation was 136% below the $19,068 mean expected expenditure found by Kwak
et al. (Kwak et al., 2022). This difference may partially be attributed to the analysis
methods used (GLM w/Gamma vs. Poisson); however, it most likely reflects the
differences in disease severity across our sample populations. While our study was
partially composed of polypharmacy patients with mild levels of comorbidity, the
sample population use by Kwak et al. was composed entirely of patients with
cardiovascular disease; many of these patients also presented with a severe degree of
comorbidity.

Findings from our sub-analyses provided additional clarification regarding

which health services contributed to the disparity in total medical expenditures across
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polypharmacy status. With an odds ratio of 1.814 and Gamma coefficient of 0.190,
polypharmacy status is associated with greater odds of having an inpatient medical
expenditure and an increased amount of spending for those who have any inpatient
expenditure during the year (p < 0.001). Polypharmacy’s positive association with
inpatient medical expenditures likely results from group differences in mean number
of admissions per patient (NP: 0.15, P: 0.33). Examination of the average length of
stay for patients with an admission showed nonpolypharmacy patients to average a
higher number of nights (5.2) per admission when compared with polypharmacy
patients (4.7). These findings from within our sample align with previous utilization-
based studies that found positive associations between polypharmacy and admissions,
but no statistically significant association with length of stay (Davies et al., 2020).
Polypharmacy patients were likewise associated with greater odds of having
outpatient (OR: 1.596) and emergency room (OR: 1.786) expenditures when
compared with nonpolypharmacy patients (p < 0.001). However, polypharmacy did
not have a statistically significant association with the amount of emergency room
expenditures. The lack of statistical significance between polypharmacy and the
amount of emergency room expenditures as well as the small marginal effect
($100.20) between the two groups, may indicate a high degree of standardization
exists across protocols and services rendered in the emergency room setting.
Additionally, the transient nature of emergency departments limits the touch points
between providers and patients; patients requiring higher levels of care are often
admitted and those who do not are directly discharged leaving less room for cost-

related variance. The positive association found between polypharmacy status and the
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amount of spending on outpatient services likely stems from a 69% (NP: 1.026, P:
1.743) increase in the mean number of outpatient visits per year experienced by
polypharmacy patients.

Our findings across prescription costs indicate a significant disparity exists
between our two groups in terms of the amount of spending on prescription
medications (Coef: 0.682, p < 0.001). Odds ratios for polypharmacy’s association
with having a prescription expenditure were not displayed in the table due to their
irrational magnitude; the low threshold of individuals without a prescription-related
expense (7) combined with the high degree of correlation between the two precluded
any additional value from being obtained through their inclusion in the table. While it
seems obvious that the number of medications will impact spending, the individual
cost of each medication is likely to impact overall spending at an equal or even
greater degree (Kojima et al., 2012; Vincent Rajkumar, 2020). Lastly, our estimated
marginal effect across prescription costs ($788.41) mirrors the marginal effects found
by Kwak et al. ($798). The fact that these estimations both use MEPS data and are
nearly identical despite different sample populations, is a testament to the robustness
of the findings.

The overall findings from this study show polypharmacy to be independently
associated with both prescription and non-prescription related expenditures. The
similarities found between our results and existing studies instills confidence in the
accuracy of our findings. While the general lack of expenditure-based studies
prevented robust cross-study comparisons, we were able to use our results to loosely

emulate utilization-based studies focused on measuring polypharmacy’s associations
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with admissions and length of stay. The results from this study bolster existing
findings in the field and add new insights were gaps in the research previously
existed. The use of nationally representative survey data over multiple years improves
generalizability of the results by eliminating bias that may have occurred due to
geographic variation and allows us to make inferences about the entire US population
using the findings from our sample. In lieu of these findings, future research should
attempt to identify the specific mechanisms tied to polypharmacy that are responsible
for increasing utilization and cost. Lastly, given the consistency with which studies
have shown polypharmacy to have a negative impact on the elderly population, a
renewed effort on the policy and clinical fronts is needed to reduce prescribing and

implement alternative means of care for this vulnerable population.

Limitations

MEPS data provides access to a wide variety of expenditures; however, it
does not provide an itemization of the cost components that compose each
expenditure. While it is assumed that prescription related costs have been removed
from other forms of expenditures and aggregated into its own variable, this cannot be
confirmed. MEPS data is also cross-sectional and thus cannot be used for longitudinal
studies; despite appending ten years of data, each year must be viewed as being
independent of the preceding or following years. The prescribed medication files
indicate prescribing patterns but do not necessarily infer usage. This study equates
prescribing to usage; however, verification of usage is not possible. Additionally,
only prescription medications are captured in the data precluding the inclusion of

over-the-counter medications in our analyses. The chronic conditions available within
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the data set are non-exhaustive which could potentially lead to an underestimation of
the ACCI and impact our assessment of individual disease burden across the sample.
Lastly, while nationally representative survey data leads to improved generalizability
of results, the self-reported nature of responses make them unverifiable and

susceptible to response bias.
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Chapter 6: Estimating the Association Between Polypharmacy and
Hospital Admissions Among Individuals Aged 65 and older

Introduction

Hospitalizations among the elderly are common occurrences that have broad
implications for population health and rising national healthcare expenditures. Across
the US annually, more than 13.2 million adults aged 65 and older are hospitalized
(Fang et al., 2021). In 2017 alone, inpatient-related Medicare costs accounted for
$99.8 billion worth of medical expenditures (Moore et al., 2020). Despite the high
costs of inpatient care associated with this population, however, the negative impacts
of hospitalizations on the overall health of the elderly are even more burdensome.

Among the elderly, hospitalization is often followed by irreversible functional
decline that negatively impacts their independence and overall quality of life (Admi et
al., 2015). Although some patients are hospitalized for acute issues unrelated to a
mental or physical disability, they often exhibit signs and symptoms of functional
decline following their hospital stay (Gill et al., 2004; Mudge et al., 2010). The
propensity for admissions to worsen the health of elderly patients underlines the
importance of identifying and mitigating potential factors associated with increased
hospitalizations within this population. Of increasing importance to researchers and
clinicians alike, is the impact that concomitant medication use has on admissions
among those age 65 and older.

Polypharmacy, the simultaneous use of five or more medications (Varghese et
al., 2023), has become increasingly common among the elderly population. While the

use of concomitant medications is a central therapeutic component of treating patients
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with multiple comorbidities, this approach is frequently associated with adverse
outcomes (Davies et al., 2020; Dhalwani et al., 2017; Hammond & Wilson, 2013).
Polypharmacy’s association with hospital admissions has been well researched;
however, the omission of disease severity and medication class from many existing
studies have elicited calls for additional research on the topic to fully adjust for these
factors within their models (Davies et al., 2020). A 2020 study by Chang et al., used
Korean National Health Insurance Survey (KNHIS) data to estimate the risk of
hospitalization associated with polypharmacy. In this study, polypharmacy patients
were associated with an increased hazard risk (1.18) of hospitalization when
compared with nonpolypharmacy patients; however, while the study adjusted for
disease severity using the Charlson Comorbidity Index (CCI), it failed to adjust for
medication class (Chang et al., 2020).

The identification of polypharmacy as a potential contributing factor to
hospitalizations is an important first step towards reducing admissions and mitigating
their negative effects. To do so, however, polypharmacy status must be incorporated
within mechanisms capable of classifying patients according to their risk/probability
of encountering the outcome of interest. Likely the most critical component in the
fight to reduce admissions, proper identification of at-risk patients is a precursor to
targeted intervention. Known for their ability to utilize pre-programmed algorithms to
distinguish between groups based upon their propensity towards a given outcome,
classification models represent a special form of machine learning that have gained

popularity within the medical field due to their ability to identify at-risk patients.
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Machine learning methods are being used across the globe to predict a variety
of outcomes from readmissions to mortality (Blanes-Selva et al., 2021; Li et al.,
2021). Classification models often use a combination of individual-level factors as
training inputs that allow the model to identify patterns related to a specific outcome;
these trained models can then be further used to make out-of-sample predictions
(Malik & Munjal, 2021). For best model performance, a comprehensive set of
training inputs is often needed. The addition of inputs associated with our outcome of
interest improves the predictive capacity of the algorithm. In terms of predicting
hospital admissions, the inclusion of polypharmacy status alongside other individual-
level factors has the potential to strengthen our model and improve the accuracy of

our predictions.

Innovation

First, this study looks to estimate the association between polypharmacy and
hospital admissions while controlling for chronic comorbidity and medication class;
despite the existence of studies on this topic, many fail to address potential
confounding attributed to chronic illnesses and the class of medications prescribed
(Davies et al., 2020). Additionally, this study utilizes Modified Poisson regression to
elicit relative-risk ratios as opposed to odds ratios derived from logistic regression.
Relative risk ratios are more meaningful to epidemiologists and medical studies as
most clinical research is designed to assess risk (Zou, 2004). Unlike logistic
regression, Modified Poisson regression is not dependent on model specification; its
risk ratios are considered robust and allow for cross-study comparisons to be made

(Norton & Dowd, 2018a; Zou, 2004).
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This study also seeks to explore the use of machine learning methods to
classify patients at risk for hospitalization. Novel approaches to the use of predictive
analytics have been employed by using nationally representative survey data and
polypharmacy status to train our model. The use of nationally representative survey
data improves the generalizability of our results by allowing us to make assumptions
at the population level. Also, the inclusion of polypharmacy status alongside other
individual-level predictors in our training model improves the capability of
algorithms to identify specific patterns related to our outcome of interest, thus
allowing for the identification of patients at risk for hospitalization. Lastly, this study
seeks to quantify the cost-reduction potential associated with large scale employment
of these methods. The collective findings from this study can be used to inform and
motivate policy makers at all levels to enact changes that improve healthcare delivery

and accountability within geriatrics.

Conceptual Framework

In the primary aim, we theorize hospital admissions to be impacted by
polypharmacy status as well as individual patient characteristics across socio-
demographic and clinical factors. Using the conceptual framework in Figure 3.1, our
model is adjusted for potential confounders that arise from Andersen’s predisposing,
enabling and need categories of population characteristics (R. M. Andersen, 1995.)
Specifically, by adjusting for chronic comorbidities and medication class in addition
to typical population-based characteristics, we are able to elucidate the independent

association between polypharmacy and hospital admissions.
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The sub-aim adds all predictive factors for hospitalization depicted in our
conceptual framework to the training model to ensure maximum predictive power is
achieved. Going beyond the model used in the primary aim, the sub-aim includes
individual binary chronic illness variables to ensure disease specificity as well as
measures of chronic illness severity (ACCI) are included in our analyses.
Additionally, individual measures of health services utilization have been added to
provide a greater degree of specification and depth to our training model. The
theorized interactions between independent variables and the outcome variable used

in this aim are encompassed within the green line in Figure 3.1.

Methods
Data and Measures
Our analyses utilized ten years of aggregated MEPS data (2010-2019) to
estimate the association between polypharmacy and hospital admissions. The
dependent and independent variables included in the model were selected using the
conceptual framework in Figure 3.1; polypharmacy constitutes the primary exposure
variable for this study. The model was adjusted for potential confounding by
including several variables representing socio-demographic and clinical factors.
Hospitalization was used as the outcome variable in this study. This binary
variable indicates a patient’s hospital admission status during the year. Patients
without a hospital admission during the year were designated as the reference
category “0”; patients with at least one admission represented the non-reference

category “1”. Among our sample, 2,327 (17.4%) patients indicate having been
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hospitalized during the year. This binary construct of hospitalization was used in both
the primary and sub-aim analyses.

Polypharmacy’s binary and categorical constructs were used as exposure
variables in the primary aim to assess the impact of polypharmacy severity on its
association with hospital admissions. The binary construct of polypharmacy consists
of two groups: polypharmacy (> 5 medications) and nonpolypharmacy (< 5
medications). Polypharmacy (“1”°) patients constitute the treatment group within our
study and nonpolypharmacy patients (“0”’) represent the control group. The
categorical construct of polypharmacy consists of nonpolypharmacy (< 5
medications), polypharmacy (> 5 & < 10 medications), and hyperpolypharmacy (> 10
medications). Among the sample population, 7,354 (55%) patients were prescribed at
least five concurrent medications; 2,315 (31%) of these polypharmacy patients met
the threshold for hyperpolypharmacy (> 10 medications).

Nine independent variables were included in our primary analysis model to
adjust for potential confounding. Among the variables selected, six represent socio-
demographic factors and three represent clinical factors. Across socio-demographic
factors, a continuous age variable was used to indicate patient age at the time of the
survey. Binary variables consisting of patient gender (male “0”, female “1”’), marital
status (single “0”, married “1”), and dual eligibility status (no “0”, yes “1”’) were also
added to the model. Race/ethnicity was divided across five categories: non-Hispanic
White (reference), non-Hispanic Black, Hispanic, non-Hispanic Asian, non-Hispanic
other/mixed race. Lastly, region of residence was divided into four geographical

locations: Northeast (reference), Midwest, South, and West.
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Clinical factors used in our analyses measured disease severity, prescribed
medication class, and perceived health status. To assess disease burden, a categorical
representation of the ACCI was used. This comorbidity index severity level variable
divides our sample population into three categories using each patient’s ACCI: mild
(< 5, reference), moderate (6-7), and severe (> 8). The Multum Therapeutic Class #1
variable depicts the primary class of medication prescribed to patients and is divided
into 15 distinct drug types; anti-infectives constitute the reference group for this
variable. Lastly, perceived health status was divided into five categories: excellent
(reference), very good, good, fair, and poor.

Sub-aim analyses used the categorical construct of polypharmacy as our
exposure variable and the same hospitalization variable as our outcome variable of
interest. Our training model utilized all independent variables above as well as the
individual chronic illness variables used to generate the ACCI and additional
utilization and socio-demographic factors. In addition to the variables included in the
primary analysis, 16 more variables were included to maximize the training effect of
our model; in total, 26 independent variables were included in our model.

Across the 16 additional variables, two measured socio-economic status, 10
indicated the presence of chronic illnesses, and four depicted health services
utilization. Family income and education variables were added as measures of socio-
economic status. Family income is a continuous variable represented in dollars (US $)
and education is a categorical variable consisting of five levels: less than high school
(reference), high school, Associate’s or other degree, Bachelor’s Degree, Master’s or

Doctoral degree. Binary chronic illness variables added to our model include arthritis,
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asthma, cancer, cognitive limitations, coronary heart disease, diabetes, emphysema,
high blood pressure, high cholesterol, and stroke. Lastly, four measures of utilization
using the number of visits were included: # of emergency room visits, # of outpatient

visits, # of office-based visits, and # of dental visits.

Primary Analyses

Our primary analyses utilized Time Fixed Effects Modified Poisson
regression to estimate the association between polypharmacy and hospital admissions.
The Fixed Effects estimator comprises calendar years corresponding to each
respective year of MEPS data; year fixed effects was used to account for potential
observable and unobservable systematic differences between the appended years of
data. Person-level weights were divided by ten to account for the compiled years of
data. The adjusted weights replaced the standard MEPS weights in the survey design.
The full MEPS survey design was applied and used throughout the analysis.

Modified Poisson regression was selected for our primary analysis as it has
been shown to deliver robust relative risk ratios; this measure of association is
considered to be more meaningful by epidemiologists whose primary focus within
most clinical research is to assess risk (Norton & Dowd, 2018b; Zou, 2004).
Additionally, results derived using Modified Poisson can be compared across studies,
whereas model specification issues that arise when using logistic regression preclude
odds ratios from having any meaningful comparison across different models (Norton
& Dowd, 2018a). Lastly, relative risk ratios allow for the discussion of results in

terms of the probability of an event occurring (risk); comparison of results in terms of
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percentage increases and decreases of the probability of an event occurring is more
useful to research and clinical community alike.

Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC)
were collectively used to compare prospective models; the model with the lowest AIC
and BIC values was deemed optimal and used in our study. Potential correlation was
assessed both pre- and post-analysis. Pre-analysis checks using correlation matrices
found no significant correlation between any of our independent variables; a
maximum post-estimation VIF of 4.63 ruled out the presence of multicollinearity
within our model.

Sensitivity analyses for our primary aim used model variation to assess the
robustness of findings. Model variation was conducted in two ways: 1) adding and
subtracting independent variables from our model, 2) altering the variable construct
of our primary exposure variable (polypharmacy). The first method was primarily
used to determine if changes to our model impacted the statistical and practical
significance of associations between the dependent and independent variables.
Comparisons using the binary and categorical constructs of polypharmacy assessed
the impact of polypharmacy severity on associations with hospital admissions. This
method also allowed for cross-model comparisons between all independent variables
to be conducted. All analyses were performed using R version 4.1.3. The full model

used in the primary analysis is depicted below.

Yi=po+ p1Xa + f2Xo + P3Xc+ faXa + f5Xe + PsXr+ PrXe + PsXnt PoXi+ P1oX; + 02

10T 11-197F Wi
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Yi: Hospital Admission Xr: Region of Residence

Xa: Polypharmacy X,: Dual Eligibility Status

Xp: Age Xi: Comorbidity Index Severity Level
Xc: Gender Xi: Perceived Health Status

Xa: Marital Status Xj: Medication Class

Xe: Race/Ethnicity T11-19: Year Fixed Effects Estimator

Sub-aim One

Sub-aim one analyses use traditional logistic regression and ensemble
methods to classify patients at-risk for hospitalization. Logistic regression is often
seen as the staple method for training data used in classification models due to the
binary nature of most outcomes of interest (Jones et al., 2018; Li et al., 2021).
Additionally, logistic regression models have been shown to deliver some of the best
and most consistent results when used in health care related applications (Malik &
Munjal, 2021). In addition to logistic regression, two Boosting, and two Bagging
ensemble methods were used in our predictive analyses; in total, five classification
methods were employed and compared in this sub-aim.

Bagging techniques used in this study include traditional and Random Forest
methods. Also known as Bootstrap aggregating, this method divides the finite training
data into multiple samples with replacement and generates independent decision trees
on each sample. Known as base learners, the results from these independent training
models are then aggregated using a voting method unique to classification to improve

the predictive capacity of our model (Zhou, 2012). The primary difference between
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Traditional Bagging and Random Forest methods involves the features used to split
nodes in the decision trees; Random Forest uses a random subset of features and then
selects the best split feature only. Traditional Bagging, however, considers all features
when splitting the nodes (Zhou, 2012). In our analyses, the maximum number of
features to consider at each split point was coded into our algorithm. Traditional
Bagging set the maximum number of features equal to the number of independent

variables (I'V) in our model; optimal performance with Random Forest was achieved

using (V# IV * 2) number of features.

Boosting and Extreme Gradient Boosting (XGB) ensemble methods were also
used and compared in our analyses. Unlike Bagging algorithms which combine weak
learners trained independently on parallel samples of data, boosting techniques
combine weak learners trained in sequential manners using iterative adaptations of
the sample data (Zhou, 2012). Like Bagging, however, Boosting relies on the use of
averaging techniques following the combination of weak learners (Zhou, 2012).
Bagging and Boosting methods are both used to improve model stability; however,
Bagging does so through variance reduction while Boosting is mainly used to reduce
bias (Hofner et al., 2011; Zhou, 2012).

Classification models used in our analyses were trained and validated using a
70/30 partition of the data set. Prior to partitioning the data and running each
respective model, the “set.seed(12345)” command was used in R to ensure that all
models were trained and validated on identical subsets of the data. The cutoff score
was initially set to 0.5 as it represents the threshold most commonly used in

classification model studies and serves as the default threshold for most ensemble
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method algorithms (Patel et al., 2022; Zhou, 2012). Lastly, while variable class
requirements differed across the machine learning methods used in the analyses, the
regression model used to train the data remained the same throughout the study; the

regression model used is depicted below.

Yi=Po+ p1Xa + P2Xp + P3Xct faXa + f5Xe + PsXr+ PrXe + PsXnt PoXi+ P1oX; + f11X;

+ P12X; + P13-22Xm + f23-26X00-2 T i

Yi: Hospital Admission Xp: Family Income

Xa: Polypharmacy Xi: Dual Eligibility Status

Xp: Age X;: Comorbidity Index Severity Level
Xc: Gender Xi: Perceived Health Status

Xa: Marital Status Xi: Medication Class

Xe: Race/Ethnicity Xm-v: Individual Chronic Illnesses

Xr: Region of Residence Xw-z: Measures of Utilization

X, Education

Model performance was evaluated using standard classification metrics.
Standard metrics of performance include accuracy, True Positive Rates (TPR or
Sensitivity), True Negative Rates (TNR or Specificity), and the Receiver Operating
Characteristic (ROC) area under the curve (AUC). Accuracy, sensitivity, and
specificity metrics were derived using confusion matrices. Class predictions made by

our machine learning algorithms were compared with the actual classes to determine
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their respective performance; measured in percentages, higher values were indicative
of better performance. To compare models using their AUCs, a ROC curve
comparison plot was generated using the “ROCR” package in R to depict the
performance of all models included in the analysis. A commonly used method for
quantifying model-induced performance improvement over random selection, the
AUC is an estimation of the tradeoff between true and false positive rates (Hanley &
McNeil, 1982).

Sensitivity analysis for sub-aim 1 primarily involved the use of cutoff score
variation. Indicating the probability threshold at which predictions are classified as
likely to occur “1”, cutoff scores were varied from 0.5 to 0.8 in increments of 0.05 to
determine which value delivered optimal results. Cutoff score optimization was
likewise evaluated using the standard classification metrics of TPR, TNR, and
accuracy. Lastly, predictive algorithms were retrained after excluding polypharmacy
from the model. The exclusion of polypharmacy allowed for cross-model comparison
of results using the standard classification metrics. The differences in performance
observed between the two models were then attributed to the impact of including

polypharmacy among our predictors.

Sub-aim Two

The purpose of this sub-aim was to estimate the potential cost savings
associated with use of the best performing classification method to identify elderly
patients at risk for hospitalization. This analysis evaluated cost-based model
performance at the sample population and national levels. Using the confusion

matrices derived from our respective models, sample-based cost performance was
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estimated by applying the national average cost per Medicare admission ($14,700) to
false negatives and a 15% reduction (0.85 x # admissions x $14,700) to true
positives. The 15% reduction estimate represents the percentage of elderly
hospitalizations thought to be preventable (Mahmoudi et al., 2020).

Potential cost savings were estimated by subtracting the lowest expected cost
among the classification models from the unmitigated cost (# total admissions X
$14,700). The potential cost averted was then divided by the unmitigated cost to
determine the percentage of reduction. To estimate potential savings at the national
level, the reduction percentage was multiplied by total inpatient Medicare

expenditures ($99.8 billion) in 2017 (Statistical Brief #262 | HCUP, 2020).

Results
Primary Aim

Findings from our primary analyses show polypharmacy to have a statistically
and practically significant association with hospital admissions (RR: 1.592, p <
0.001) while fully controlling for both comorbidity severity and medication class (see
Table 6.1). Furthermore, the practical significance of the association is even greater
among hyperpolypharmacy patients (RR: 2.106, p <0.001). In addition to
polypharmacy, statistically significant associations with hospital admissions were
found across socio-demographic and clinical factors.

Among socio-demographic factors, only age (RR: 1.015, p <0.001) was
found to have a positive association with hospital admissions. Factors found to be
negatively associated with admissions include Non-Hispanic Asian race (RR: 0.502, p

< 0.001) and South region of residence (RR: 0.896, p < 0.05). Gender, marital status,
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and dual eligibility status were not shown to have statistically significant associations
with hospital admissions within our sample population.

Among clinical factors, comorbidity index severity level and perceived health
status were positively associated with hospital admissions. Moderate (RR: 1.456) and
severe (RR: 1.6876) levels of comorbidity were both found to have statistically
significant associations at the p < 0.001 level. Perceived health status was shown to
be inversely related with hospitalizations; as perceived health worsened, practical
significance of the associations (good = RR: 1.429, fair = RR: 1.863, poor = RR:
2.573) increased (p < 0.001). Across medication class, only topical agents (RR:
0.657, p <0.05) were shown to have a statistically significant association with
hospital admissions. Examination of the risk ratios and p-values on the fixed effects
estimators indicate the absence of any discernable trend across the decade of data
utilized in the study. Lastly, sensitivity analysis performed using the categorical
construct of polypharmacy delivered similar findings. Statistical significance
remained unchanged across all variables; while minor changes were noted to practical

significance among some factors, the direction of association remained the same.
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Table 6.1
Association between polypharmacy and hospital admissions

Madified Poisson w/Binary Expesure Modified Porsson wCaregorical Exposure
RR 95% (T Robust SE p-value RR 95% CT Robust SE  p-value

Polypharmacy [ref: non-polypharmacy]

Polypharmacy 1.582 (1.433,1.768) 0.053 0000 1.388 (1.242,1.551)  0.057 0000
Hyperpolypharmacy 2.106 (1.8552.392)  0.065 0000
Age [continuous] 1.015 (1.008,1.022)  0.003 0000 1018 (1.011,1.025) 0003 0.000
Gender [ref: male]
Famale 0876 (0.890,1.071)  0.047 0.610 0970 (0.8851.0684) 0047 0.521
Marital Status [ref: not married]
Married 0832 (0.858,1.012)  0.042 0082 0936 (0.863,1.015)  0.041 0.111
Race/Ethnicity [ref: Non-Hizspanic White]
Non-Hizpanic Black 0.830 (0.820,1.054)  0.064 233 0560 (0.846,1.0500  0.064 0.525
Hizpanic 0.946 (0.808,1.109)  0.080 0454 0972 (0.831,1.137)  0.080 0.720
Non-Hispanic Asian 0.502 (0.367,068%)  0.160 0000 0514 (037307100 0164 0.000
Non-Hispanic Other 1.052 (0.780,1.417y  0.152 0.740  1.037 (0.768,1.3%%) 0152 0.817
Region [ref: Northeaszt]
Mlidwest 1.077 (0.948,1.223)  0.065 233 1.063 (0.935,1209) 0.065 0.347
South 0.8%6 (0.807.09%4)  0.053 0.03% 0882 (0.794,097%)  0.033 0.018
Weast 0.8%6 (0.789,1.017) 0064 0.08% 0855 (0.789,1.015) 0064 0.083
Dual Eligible [ref: No]
Yes 1.101 (0.978,1.23%)  0.060 0.110 1.079 (0.958,1.215)  0.061 0212
Comorbidity Index Severity Level [ref: Mild]
Moderate 1456 (1.306,1.624)  0.055 0000 1419 (1.273,1.581)  0.035 0.000
Bavers 1.686 (1.486,1913) 0064 0000 1.599 (1.410,1.813) 0064 0.000
Perceived Health Status [ref: Excellent]
Very Good 1.128 (0.950,1.33%)  0.087 0.168 1.118 (0.943,1.327)  0.087 0.15%
Good 1429 (1.203,1.6%8)  0.088 0000 1385 (1.166,1.645)  0.088 0.000
Fair 1.863 (1.357,2228) 0.091 0000 1757 (1.465,2.10T) 0092 0000
Poor 2573 (21223119  0.098 0000 2435 (2.006,2.956)  0.099 0.000
Multum Therapeutic Clazs #1 [ref: Anti-Infectives]
Antineoplastics 0.510 (0.181,1.438) 0327 0.202 0518 (0.184,1.438) 0326 0.212
Cardiovascular Agents 0853 (0.7451324)  0.146 0864 0966 (0.72312%1) 0147 0.816
Cantral MNervous Swstem Agents 1.210 (0.902,1.621) 0.148 0.202  1.164 (0.8366.1.563) 0.15 0.313
Coagulation Modifiers 1.348 (0.928,1.958)  0.1%0 0117 1.3%2 (0.961,2.017) 0.189 0.080
(Gastro-Intestinal Agents 0.878 (0.680,1.407)  0.185 0805 0872 (0.674,1.402) 0.186 0.880
Hormone Modifiers 0.856 (0.616,1.18%)  0.167 0352 0.863 (0.621,12000  0.168 0.380
Miscellaneous Azents 1.120 (05352345 0376 0¢.763 1119 (05212405 0389 0.772
(Genitourinary Agents 1.023 (0.521,2.008) 0343 0843 1040 (0.528,2.046) 0344 0.505
Nutritional Products 0.824 (0.520,1306) 0234 0409  0.830 (051813300 0240 0.437
Raspiratory Agsnts 0872 (06851378 0.178 0871 0847 (0.667,1343) 0178 0.758
Topical Az=nts 0.6537 (0.465,0928) 0176 0017 0640 (0.454,0502) 0175 0.011
Paychotherapeutic Agents 0965 (0.672,1386) 0184 0.547 0934 (0.634,1414) 0134 0.925
Immunclogical Agents 0.834 (0.1436.116)  0.955 0843 0838 (0.1456.07%) 0545 0.548
Metabolic Az=nts 0.874 (0.6551.166)  0.147 0335 0857 (06421145 0147 0.296
Year Fixed Effectz Eztimator [ref: 2010]
2011 0861 (0.821,1.124)  0.080 0.616 0844 (0.8307,1.108)  0.081 0455
2012 0.879 (0.658,1.173)  0.147 0380 0897 (0.672,1.198) 0.147 0.462
2013 1.001 (0.819,1225)  0.102 0.98% 0965 (0.788,1.823) 0.103 0.733
2014 1.00% (0.846,1205)  0.090 0917 1.034 (0.868,1233)  0.089 0.706
2015 1.074 (0.875,1.31%) 0104 0452 1040 (0.8347,1.276)  0.104 0.710
2016 1.013 (0844 1216)  0.093 0.888 1015 (0.845121%)  0.093 0.874
2017 1.068 (0.901,1.266) 0.086 0446 1067 (0.901,1.263)  0.086 0.433
2018 1.067 (0.922,1236) 0.075 0384 1067 (0.922,1234) 0074 0.382
2018 1.062 (0.916,1.232) 0.076 0423 1086 (0.8431.273)  0.076 0.231

Note: Table displays relative risk ratios, 93% confidence intervals, robust standard errors, and p-values for two regression models: 1)
wibinary polypharmacy wariable 2) wicatzgorical polyvpharmaey variable. Both regression models vtilize MEPS Svrvey Desizn and
Time Fixed Effects Modified Poizson Fesression. Person-level MEPS weights were re-scaled by dividing the weights by ten (PW/10)
to aceount for ten wears of poolad data. Calendar vears corresponding to sach wvear of MEPS data were used to account for potential
observable and vnobservable systematic differences between the appended years of data incledad in the study.
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Sub-aim

Findings from our first sub-aim demonstrate classification models to offer
substantial improvements in predictive capacity over random selection (see Figure
6.1). With AUCs above 0.8, all models were shown to have at least an 80% chance of
correctly distinguishing a patient at risk for hospitalization from a patient who is not
at risk; these results suggest at least a 30% improvement over random selection is
gained with the use of classification models. In terms of AUC only, Boosting was
shown to be the top performing classification method with an AUC of 0.825 or
82.5%. The lowest performing model with respect to AUC was Extreme Gradient

Boosting with an AUC of 0.806 or 80.6%.

Figure 6.1
Predicting Admissions: Receiver Operating Charactristic curve comparison
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Comparison of models across standard classification metrics illustrated the
presence of differential benefits associated with the use of each model (see Table
6.2). Across accuracy, Boosting and Random Forest ensemble methods outperformed
all others at 84.9%. All models performed extremely well in terms of specificity;
however, Logistic Regression proved to be the best at correctly identifying those who
are not at risk (96.5%). Every ensemble method outperformed Logistic Regression
when it came to correctly classifying patients at risk for hospitalization; among the

ensemble methods, however, Bagging delivered the best results at 41.7%.

Table 6.2

Performance metrics by model

Model Tvpe Aecnracy (%)  Sensitivity (%) Specificity (%) AUC (%)
Boosting 84.9% 30.1% 04 6% 82.5%
X(G Boosting 84.2% 35.4% 04 5% 80.6%
Bagging 84.6% 41.7% 03.7% 81.5%
Random Forest 84.9% 41.4% 04 1% 81.8%
Logistic Regression 84.6% 28.5% 06.3% 81.2%

Note: Random Forest (miry = 2*sgrt(26), Bagging (RF w/mtry = 26)

Sensitivity analysis performed using different cutoff scores showed 0.5 to be
associated with the highest accuracy and sensitivity values across all models.
Incremental increases in cutoff scores from 0.5 to 0.8 was marked by gradual
decreases across both accuracy and sensitivity; lowest values for both metrics (83.6%
and 10.6%, respectively) were observed at a cutoff score of 0.8 using Logistic
Regression. Specificity, however, continued to improve as the threshold increased.
The highest specificity value (99.0%) was also observed at a cutoff score of 0.8 using
Logistic Regression. Lastly, the exclusion of polypharmacy from our models was
associated with 0.3% reductions across accuracy and specificity and a 1.2% reduction

in sensitivity. This finding shows removal of polypharmacy from among our
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predictors to have the greatest impact on our ability to correctly identify the at-risk

population.
Table 6.3
Comparative Cost Analysis by model (Hospital Admissions)
Predicted
TP FN
E 273 423
= Fp TN Expected Cost_($)
179 3.125 Total (5) Per Capita (3)
Predicted § 963863500]5 241345
=| TP FN § 9715965008 242778
E 247 451 $ 061804500 % 2.403.53
<| FP TN $ 062335500 [§ 240464
$ 0.821.805.00 | § 2.454.22
Current State $ 1026060000 | §  2.563.87
Cost Averted (max) ) 641.655.00 | § 160.33

* Totals for predictive models calculated by applving the
national average Medicare admission cost ($14,700) in
2017 to False Negatives and a 13% cost reduction to
True Positives ((83*N*14,700). Best performing model
acheives a 6.3% reduction in admission costs valued at
$641.655 (sample) and $6.29 billion (nationally).
HCUP, 2020

Findings from our second sub-aim indicate the use of Bagging methods to be
associated with the lowest expected cost ($9,618,945) across the sample population
(see Table 6.3). Random Forest methods delivered the second lowest cost at
$9,623,335, a mere $4,410 more than the best performing model. The use of
classification models to identify patients at-risk for hospitalization delivered a total
savings of $641,655 across the sample; this amount constitutes a 6.3% reduction in
expenditures related to hospital admissions. Through extrapolation of the results, we
estimate the potential cost-savings associated with nationwide use of classification

models to be valued at $6.29 billion annually. Lastly, the sensitivity loss (1.2%)
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associated with excluding polypharmacy from our training model reduced cost-

savings by $17,000 and $200 million at the sample and national levels, respectively.

Discussion

Findings from our primary aim suggest polypharmacy to have a practically
and statistically significant association with hospital admissions after fully adjusting
for comorbidity and medication class (RR: 1.592, p <0.001). These findings comport
with previous studies that also found polypharmacy to be positively associated with
hospital admissions (Chang et al., 2020; Davies et al., 2020; Khezrian et al., 2020;
Linkens et al., 2020). The findings of our study further suggest degree of
polypharmacy to play a role in determining its impact on admissions. Using
polypharmacy’s categorical construct, we find hyperpolypharmacy’s practical
significance of association to be 51.7% (2.106:1.388) greater than that of standard
polypharmacy. This result bolsters the findings of previous studies that have alluded
to the negative health impacts of excessive prescribing among the elderly (Calderon-
Larrafiaga et al., 2012; Cantlay et al., 2016; Dhalwani et al., 2017). Lastly, by
including comorbidity severity and medication class to our model, we addressed gaps
in the research and alleviated uncertainty regarding the robustness of previous
findings (Davies et al., 2020).

Findings from our first sub-aim illustrates the potential benefits associated
with the use of classification models to identify elderly patients at risk for
hospitalization. With corresponding AUCs above 0.80 (80%), all classification
models exhibited excellent discriminatory capacity when compared with random

selection (Mandrekar, 2010; Safari et al., 2016). Cross-study comparisons using
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AUC scores found our results to mirror the findings of several studies that applied
classification models to healthcare data with the intent of predicting hospital
admissions (King et al., 2022; Patel et al., 2022; Soy Chen et al., 2020). When
compared with a study by Orchard et al. (AUC: 0.68), however, our models were
actually shown to exhibit greater discriminatory performance (Orchard et al., 2018).

Cross-study comparisons using the standard classification metrics of accuracy,
sensitivity, and specificity demonstrated a high degree of variability among results. It
was evident from our comparisons that AUC scores were preferred over traditional
measures of accuracy as the primary measure of model performance; the mention of
accuracy within most studies was either non-existent or stated in terms of AUC
values (Jones et al., 2018; King et al., 2022; Orchard et al., 2018; Patel et al., 2022).
Among the studies reviewed, only Shahid et al. examined accuracy in terms of
traditional error rates using sample predictions (Shahid et al., 2019). Additionally,
despite arriving at comparable results in terms of AUC scores, the studies showed
considerable variation in terms of sensitivity and specificity. With respect to
sensitivity, values ranged from 34.8% to 73.0% (Patel et al., 2022; Soy Chen et al.,
2020). Likewise, specificity values varied greatly with a range of 43.8% to 97.1%
(Jones et al., 2018; Patel et al., 2022).

The combination of consistency across AUC scores and disparities among
sensitivity and specificity values are explained by the tradeoff between true positive
and false positive rates used to calculate a model’s respective AUC (Hajian-Tilaki,
2013). Since the combination of two metrics are used in AUC estimation, its overall

score is relatively robust to changes in sensitivity and specificity that result from
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cutoff score variation; the robust nature of AUC scores makes them a valuable
measure of overall model performance. Furthermore, the importance of appropriate
cutoff score selection cannot be overstated. Although 0.5 is used as the standard
cutoff score in many studies, its selection should be made relative to the intended
purpose of the classification model (Brownlee, 2020).

Further comparison of studies revealed ensemble methods to consistently
outperform standard logistic regression across both standard classification metrics
and AUC (King et al., 2022; Patel et al., 2022). Among ensemble methods, both
Random Forest and Boosting techniques were represented in the studies (Jones et al.,
2018; King et al., 2022; Patel et al., 2022). Upon review of existing results, no one
ensemble method was found to consistently deliver optimal results over the others
(King et al., 2022; Peterson et al., 2021); however, Boosting techniques appeared to
have a slight advantage with respect to sensitivity rates in some studies (Jones et al.,
2018). This result runs contrary to our findings which showed Bagging and Random
Forest models to outperform both Boosting and Extreme Gradient Boosting across the
sensitivity metric (see Table 6.2).

Findings from our second sub-aim illustrate the potential cost-savings
associated with the use of classification models to identify elderly patients at-risk for
hospitalization. These calculations imply the use of targeted intervention strategies to
reduce preventable hospitalizations among those designated to be at-risk. While
unplanned admissions among the elderly population are impacted by many factors,

opportunities for targeted intervention may exist through deprescribing measures that
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address potentially inappropriate medication use and seek to reduce the incidence of
polypharmacy (Alcusky et al., 2021; Dahal & Bista, 2023).

Classification model performance evaluation using comparative cost-analysis
was shown to rely almost exclusively on a model’s ability to maximize true positive
rates. Since our estimation assigned costs only to patients who were admitted to the
hospital, the best performing model in terms of sensitivity optimized at-risk patient
identification. Through advanced identification, greater potential exists for targeted
intervention and the reduction of admissions. Given our approach to estimation, it
was conceivable that the model associated with the highest sensitivity (Bagging)
would be expected to deliver the greatest cost savings.

Our approach to estimation omits a vital component needed to derive truly
accurate estimations of cost-savings, intervention costs. If sensitivity of our model
were the only factor of concern, we would optimize our ability to correctly classify
at-risk patients by drastically reducing the cutoff score. By reducing the cutoft score
used in our model to 0.3, we boost our sensitivity to 60.5% and increase within
sample cost-savings to $930,510; this new amount represents a 9.1% reduction in
total admission costs. Through extrapolation of these results, we estimate national
savings to approach $9.08 billion per year. Although AUCs of all models are nearly
identical at cutoff scores of 0.3 and 0.5, declining specificity rates lead to a 116%
increase in false positives at a cutoff of 0.3. As false positives represent intervention
costs for which there are no returns on investment, each entity employing the use of
classification models must decide the cutoff score that optimizes their savings. Lastly,

the 1.2% increase in sensitivity and $200 million (national) increase in cost-savings
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gained by including polypharmacy status within our training model provides strong

support for its ongoing use within healthcare-related prediction models.

Limitations

Limitations specific to our third aim stem from both the data and methods
used in our analyses. Primary limitations related to the data result from its cross-
sectional composition. The use of cross-sectional data to train classification models
may limit their ability to recognize consistent patterns between predictors and the
outcome variable due to both intrinsic health differences (unmeasured confounding)
among patients and limited exposure to similar patterns; this limitation could
potentially lead to a loss in predictive capacity across our models. Similar predictive
analysis studies have all used longitudinal data obtained from Electronic Health
Records to train their models; this methodological difference may provide an
explanation for the low sensitivity rates observed across all models. Lastly, estimation
methods used to calculate potential cost-savings in our second sub-aim may have led
to artificially inflated savings estimates. Given the absence of both similar studies on
the topic and standardized intervention costs, no monetary value was assigned to false
positives. By excluding intervention-related expenditures from our calculations, our
estimates fail to accurately portray the monetary investment required to realize

reduced admissions.
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Chapter 7: Conclusion

The overarching goal of this dissertation was to provide a comprehensive
assessment of polypharmacy’s impact on the elderly population. Using nationally
representative survey data, this study explored the predictors of polypharmacy, the
association between polypharmacy and medical expenditures, and the association
between polypharmacy and hospital admissions. This chapter provides a summary of
the findings and offers suggestions regarding policy implications and the direction of

future studies.

Summary of Findings

Overall findings from our study indicate polypharmacy to carry independent
associations with both cost and utilization-based outcomes. The positive associations
found between polypharmacy and both metrics point to the potential negative impacts

of polypharmacy on the elderly population.

Aim 1: Explore the predictors of polypharmacy among individuals aged 65 and older

Findings from this aim suggest both socio-demographic and clinic factors to
be associated with polypharmacy. Females, dual eligible beneficiaries, residents of
the South, high income earners, patients prescribed cardiovascular agents, and
patients with moderate and severe levels of comorbidity were all associated with
higher risks of polypharmacy. Conversely, patients over 80 years old, married
individuals, non-Hispanic Blacks, non-Hispanic Asians, and those routinely treated

by medical specialists were associated with lower relative risks of polypharmacy.
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Aim 2: Estimate the association between polypharmacy and total medical

expenditures among individuals aged 65 and older

Findings from this aim indicate polypharmacy to have statistically significant
positive associations with total, inpatient, outpatient, and prescription expenditures.
Practical significance of the association between hyperpolypharmacy and total
medical expenditures was found to be even greater (Coef: 0.865) while remaining
statistically significant at the p <0.001 level. Lastly, average marginal effects
associated with polypharmacy of $3,504.92, $4,052.19, and $788.41 were seen across

total, inpatient, and prescription expenditures, respectively.

Aim 3: Estimate the association between polypharmacy and hospital admissions

among individuals aged 65 and older

Findings from this aim show polypharmacy to be positively associated with
hospital admissions (RR: 1.592, p <0.001) after adjusting for comorbidity severity
and medication class. Practical significance of the association was found to be even
greater among hyperpolypharmacy patients (RR: 2.106, p < 0.001).

Additionally, results demonstrated classification models to offer substantial
improvements in predictive capacity (AUCs > 0.8) over random selection. Bagging
delivered the highest sensitivity rate (41.7%) and cost savings (6.3% reduction)
among models. Lastly, including polypharmacy status within our training models
improved sensitivity by 1.2% and increased potential cost-savings by $200 million

per year nationally.
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Policy Implications

Findings from this study provide new impetus for the enactment of policies
aimed at reducing the incidence of polypharmacy and its negative effects on the
elderly population. Unfortunately, ongoing efforts to expand medication access by
reducing drug costs have the potential to further exacerbate the problem in the
absence of strict medication reconciliation policies. By ensuring comprehensive
medication reviews are completed along the continuum of care, providers and care
teams can reduce errors associated with incorrect dosing and drug-drug interactions
(Barnsteiner, 2008). To streamline the process and improve its accuracy, machine
learning methods should be leveraged to identify potential risks at the patient level.
Applied to electronic health records, machine learning models are able to predict
clinical outcomes with greater accuracy when compared with traditional statistical
methods (Ouchi et al., 2018). To ensure consistency across organizations, prospective
healthcare policy should establish guidelines for the use of these methods and ensure
compliance as part of the hospital reaccreditation process.

Advancements in machine learning methods have created new opportunities
for their application at various stages along the continuum of care. Using both
“upstream” and “downstream” predictive modeling, organizations improve their
ability to identify at-risk populations for targeted intervention. Post-identification
interventions should consider deprescribing as well as other methods to reduce the
risk of medication-related adverse outcomes and improve the overall health of the
elderly population. In cases where prospective outcomes are similar, alternative

treatment modalities should be used in lieu of pharmaceutical intervention. By
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enacting data-driven policy directives at multiple echelons of governance, we
improve the possibility of achieving lasting reductions across utilization and cost.
Lastly, the results of this study point to the need for a renewed focus on
prevention across the healthcare spectrum. The rise in polypharmacy prevalence is
primarily a consequence of increasing comorbidity among the elderly population.
Despite becoming more susceptible to illness with age, many patients suffer from
preventable ailments caused by unhealthy lifestyles. Tied primarily to obesity,
coronary heart disease and type II diabetes are two illnesses frequently treated using
pharmaceutical intervention. To reduce demand for prescription medications and
lessen the impacts of polypharmacy, prevention-related policies must be enacted that

improve population health and reduce the burden of disease.

Future Research Priorities

This study addressed existing gaps in the research and added new findings that
improve our understanding of the impact polypharmacy has on the elderly population.
Despite our efforts, however, questions remain to be answered. Through our analyses,
we identified several socio-demographic factors to be potential predictors of
polypharmacy. To gain a better understanding of why these disparities exist, future
research should explore these associations in depth. For example, why is it that non-
Hispanic Blacks and non-Hispanic Asians have lower relative risks of polypharmacy.
Are the reasons tied to healthcare access among these groups? Or are there cultural
components at play that would explain these findings. While this example highlights

differences among racial/cultural aspects, similar levels of scrutiny must be used to
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examine the reasons behind our findings across marital status, gender, and region of
residence.

Our second aim indicates polypharmacy to be associated with increased
expenditures across a variety of healthcare settings. While these findings point to the
potential negative effects associated with polypharmacy, more clarity is needed
regarding the specific pathways by which polypharmacy affects cost. While
suppositions of increased utilization among polypharmacy patients is confirmed by
our study, their likely exists a myriad of other factors that partially explain the
differences in cost. Using sub-group analyses, future studies could attain new insights
into factors outside the realm of utilization that coalesce to increase medical spending
among polypharmacy patients.

Findings from our final aim strongly suggest polypharmacy to be associated
with an increased risk of hospitalization. Given the consistency with which
comparable results are found in the literature, future studies should focus their
attention on harnessing knowledge of this relationship to reduce the risk of
hospitalization among the elderly. Trained using predictive factors that include
polypharmacy status, classification model proliferation within the healthcare industry
represents a real opportunity to reduce both poor outcomes and healthcare spending
within the target population. Future studies on this topic should employ the use of
longitudinal data from Electronic Health Records to improve overall model

performance.

95



Table A.1

Baseline Characteristics Across Polypharmacy Level

Appendices

Polypharmacy

Total NONPOLYPHARMACY POLYPHARMACY HYPERPOLYPHARMACY P.value
(N=13338) (N=5984) (N=5039) (N=2315)
Age (years)
65-69 4335 (32.5%) 1985 (33.2%) 1589 (31.5%) 761 (32.9%) 0.009
70-74 3309 (24.8%) 1448 (24.2%) 1277 (25.3%) 584 (25.2%)
75-79 2489 (18.7%) 1060 (17.7%) 950 (18.9%) 479 (20.7%)
>80 3205 (24.0%) 1491 (24.9%) 1223 (24.3%) 491 (21.2%)
Gender
MALE 5620 (42.1%) 2639 (44.1%) 2072 (41.1%) 909 (39.3%) <0.001
FEMALE 7718 (57.9%) 3345 (55.9%) 2967 (58.9%) 1406 (60.7%)
Marital Status
NOT MARRIED 6439 (48.3%) 2695 (45.0%) 2524 (50.1%) 1220 (52.7%) <0.001
MARRIED 6899 (51.7%) 3289 (55.0%) 2515 (49.9%) 1095 (47.3%)
Race/Ethnicity
NH WHITE 8981 (67.3%) 3973 (66.4%) 3402 (67.5%) 1606 (69.4%) 0.019
NH BLACK 1952 (14.6%) 902 (15.1%) 737 (14.6%) 313 (13.5%)
HISPANIC 1416 (10.6%) 623 (10.4%) 547 (10.9%) 246 (10.6%)
NH ASIAN 725 (5.4%) 375 (6.3%) 255 (5.1%) 95 (4.1%)
NH OTHER/MULTI-RACE 264 (2.0%) 11 (1.9%) 98 (1.9%) 55 (2.4%)
Education
LESS THAN HIGH SCHOOL 2739 (20.5%) 1151 (19.2%) 1095 (21.7%) 493 (21.3%) <0.001
HIGH SCHOOL 6084 (45.6%) 2669 (44.6%) 2314 (45.9%) 1101 (47.6%)
AA OR OTHER DEGREE 1009 (7.6%) 464 (7.8%) 366 (7.3%) 179 (7.7%)
BACHELORS 1935 (14.5%) 944 (15.8%) 699 (13.9%) 292 (12.6%)
MASTERS OR DOCTORAL 1571 (11.8%) 756 (12.6%) 565 (11.2%) 250 (10.8%)
Poverty Level
POOR 1769 (13.3%) 767 (12.8%) 682 (13.5%) 320 (13.8%) <0.001
NEAR POOR 829 (6.2%) 341 (5.7%) 321 (6.4%) 167 (7.2%)
LOW INCOME 2245 (16.8%) 987 (16.5%) 822 (16.3%) 436 (18.8%)
MIDDLE INCOME 3846 (28.8%) 1692 (28.3%) 1466 (29.1%) 688 (29.7%)
HIGH INCOME 4649 (34.9%) 2197 (36.7%) 1748 (34.7%) 704 (30.4%)
Residence Region
NORTHEAST 2427 (18.2%) 1130 (18.9%) 912 (18.1%) 385 (16.6%) <0.001
MIDWEST 2840 (21.3%) 1246 (20.8%) 1074 (21.3%) 520 (22.5%)
SOUTH 5159 (38.7%) 2219 (37.1%) 1964 (39.0%) 976 (42.2%)
WEST 2912 (21.8%) 1389 (23.2%) 1089 (21.6%) 434 (18.7%)
Dual Eligible
NO 11340 (85.0%) 5264 (88.0%) 4261 (84.6%) 1815 (78.4%) <0.001
YES 1998 (15.0%) 720 (12.0%) 778 (15.4%) 500 (21.6%)
Comorbidity Index Level
MILD 6944 (52.1%) 3639 (60.8%) 2482 (49.3%) 823 (35.6%) <0.001
MODERATE 4555 (34.2%) 1782 (29.8%) 1848 (36.7%) 925 (40.0%)
Perceived Health Status
EXCELLENT 2165 (16.2%) 1328 (22.2%) 685 (13.6%) 152 (6.6%) <0.001
VERY GOOD 3874 (29.0%) 1952 (32.6%) 1463 (29.0%) 459 (19.8%)
GOOD 4239 (31.8%) 1724 (28.8%) 1712 (34.0%) 803 (34.7%)
FAIR 2351 (17.6%) 790 (13.2%) 901 (17.9%) 660 (28.5%)
POOR 709 (5.3%) 190 (3.2%) 278 (5.5%) 241 (10.4%)
Usual Source of Care Provider
GENERAL PRACTICE 12726 (95.4%) 5677 (94.9%) 4817 (95.6%) 2232 (96.4%) 0.107
MEDICAL SPECIALIST 577 (4.3%) 287 (4.8%) 211 (4.2%) 79 (3.4%)
ALTERNATIVE CARE 35 (0.3%) 20 (0.3%) 11 (0.2%) 4(0.2%)
Primary Pharmacy Type
CLINIC/HOSPITAL 887 (6.7%) 383 (6.4%) 338 (6.7%) 166 (7.2%) 0.223
DRUG STORE 6676 (50.1%) 3018 (50.4%) 2535 (50.3%) 1123 (48.5%)
OTHER STORE 3672 (27.5%) 1690 (28.2%) 1363 (27.0%) 619 (26.7%)
MAIL-ORDER 1998 (15.0%) 845 (14.1%) 760 (15.1%) 393 (17.0%)
ONLINE 105 (0.8%) 48 (0.8%) 43 (0.9%) 14 (0.6%)
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Multum Therapeutic Class #1
ANTIHINFECTIVES
ANTINEOPLASTICS
CARDIOVASCULAR AGENTS
CNS AGENTS
COAGULATION MODIFIERS
Gl AGENTS
HORMONE MODIFIERS
MISCELLANEOUS AGENTS
GENITOURINARY AGENTS
NUTRITIONAL PRODUCTS
RESPIRATORY AGENTS
TOPICAL AGENTS
PSYCHOTHERAPEUTIC AGENTS
IMMUNOLOGICAL AGENTS
METABOLIC AGENTS

Year Fixed Effects Estimator
10
11
12
13
14
15
16
17
18
19

434 (3.3%)
88 (0.5%)
4725 (35.4%)
1644 (12.3%)
292 (2.2%)
428 (3.2%)
802 (6.0%)
42 (0.3%)
72 (0.5%)
178 (1.3%
397 (3.0%
728 (55%
400 (3.0%
8 (0.1%)
3117 (23.4%)

1502 (11.3%)
1210 (9.1%)
557 (4.2%)
760 (5.7%)

1443 (10.8%)
797 (6.0%)

1379 (10.3%

1341 (10.1%

2255 (16.9%

(

)
!
)
2094 (15.7%)

330 (55%)
44 (0.7%)
1694 (28.3%)
667 (11.1%)
177 (3.0%)
236 (3.9%)
486 (8.1%)
18 (0.3%)
40 (0.7%)
94 (1.6%)
152 (2.5%)
392 (6.6%)
200 (3.3%)
7 (0.1%)
1447 (24.2%)

643 (10.7%)
511 (8.5%)
325 (5.4%)
219 (3.7%)
734 (12.3%)
257 (4.3%)
622 (10.4%)
556 (9.3%)
969 (16.29%)
1148 (19.2%)

21 (1.6%)
20 (0.4%)
2052 (40.7%)
595 (11.8%)
99 (2.0%)
148 (2.9%)
246 (4.9%)
19 (0.4%)
24 (0.5%)
59 (1.2%)
157 (3.1%)
236 (4.7%)
151 (3.0%)
1(0.0%)
1151 (22.8%)

573 (11.4%)
449 (8.9%)
181 (3.6%)
311 (6.2%)
544 (10.8%)
326 (6.5%)
516 (10 2%
538 (10.7%
870 (17.3%
731 (14.5%

23 (1.0%)
4{0.2%)
982 (42.4%)
382 (16.5%)
16 (0.7%)
44 (1.9%)
70 (3.0%)
5 (0.2%)
8 (0.3%)
25 (1.1%)
28 (3.8%)
100 (4.3%)
49 (2.1%)
0 (0%)
519 (22.4%)

286 (12.4%)
250 (10.8%)
51 (2.2%)
230 (9.9%)
165 (7.1%)
214 (9.2%)
241 (10.4%)
247 (10.7%)
416 (18.0%)
215 (9.3%)

<0.001

=0.001
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Table A.2

Aim 1 model comparison between modified poisson and logistic regression

Modified Poisson Logistic
OR 95% CI Robust SE p-value OR 95% CI SE  p-value
Age [ ref: 65-69 years]
70-74 0.986 (0.939,1.036) 0.025 0.576 0.967 (0.857,1.092) 0.062 0.589
75-79 0.963 (0.915,1.013) 0.026 0.146 0.906 (0.794,1.034) 0.067 0.143
>80 0.875 (0.830,0.922 0.027 0.000 0.704 (0.618,0.801) 0.066 0.000
Gender [ref: male]
Female 1.088 (1.047,1.131) 0.020 0.000 1236 (1.121,1.362) 0.049 0.000
Marital Status [ref: not married]
Married 0.930 (0.894,0.968) 0.020 0.000 0.832 (0.752,0.920) 0.051 0.000
Race/Ethnicity [ref: Non-Hispanic White]
Non-Hispanic Black 0.864 (0.818,0914) 0.028 0.000 0.696 (0.608,0.796) 0.068 0.000
Hispanic 0.957 (0.897,1.020) 0.035 0.173 0.891 (0.759,1.047) 0.082 0.162
Non-Hispanic Asian 0.880 (0.788,0.982) 0.056 0.023 0.741 (0.583,0.941) 0.121 0.014
Non-Hispanic Other 1.007 (0.895,1.133) 0.060 0905 1.040 (0.754,1.435) 0.164 0.811
Education [ref: Less than HS]
High School 1.061 (1.015,1.108) 0.022 0.008 1.180 (1.050,1.325) 0.059 0.006
Associate’s'Other Degree 0.975 (0.904,1.052) 0.039 0.515 0.966 (0.801,1.164) 0.095 0.713
Bachslor's Degree 1.040 (0.979,1.105) 0.031 0202 1.126 (0.967,1.311) 0.077 0.126
Mastar's or Doctoral Dagrae 1.069 (0.955,1.148) 0.036 0.067 1204 (1.007,1.440) 0.091 0.042
Poverty Level [ref: Poor]
Near Poor 1.006 (0.926,1.092) 0.042 0.892 1.036 (0.836,1.284) 0.109 0.744
Low Incoms 1.028 (0.961,1.099) 0.034 0428 1.087 (0.913,1.293) 0.088 0.347
Middle Income 1.077 (1.008,1.115) 0.034 0.029 1219 (1.027,1.448) 0.087 0.024
High Income 1.107 (1.030,1.150) 0.037 0.006 1300 (1.084,1.560) 0.092 0.005
Region [ref: Northeast]
Midwast 1.035 (0.979,1.094) 0.028 0.222 1.086 (0.949,1.244) 0.069 0.229
South 1.060 (1.007,1.115) 0.026 0.026 1.155 (1.019,1.308) 0.064 0.024
West 1.021 (0.959,1.088) 0.032 0.509 1.048 (0.901,1.219) 0.077 0.541
Comorbidity Index Severity Level [ref: Mild]
Moderate 1217 (1.163,1.274) 0.023 0.000 1.609 (1.440,1.799) 0.057 0.000
Severs 1.306 (1.238,1.377) 0.027 0.000 2.066 (1.772,2407) 0.078 0.000
Dual Eligible [ref: No]
Yes 1.110 (1.051,1.173) 0.028 0.000 1.326 (1.135,1.549) 0.079 0.000
Perceived Health Status [ref: Excellent]
Very Good 1209 (1.119,1.305) 0039 0000 1425 (1.228,1.653) 0.076 0.000
Good 1426 (1.327,1.531) 0.036 0.000 2.144 (1.857,2474) 0.073 0.000
Fair 1.524 (1.418,1.638) 0.037 0.000 2.641 (2.258,3.090) 0.080 0.000
Poor 1.561 (1.437,1.696) 0.042 0.000 3.039 (2.423,3.811) 0.115 0.000
Uzual Source of Care Provider Type [ref: General Practice]
Medical Specialist 0.893 (0.810,0.985) 0.050 0.024 0.766 (0.616,0.952) 0.110 0.016
Alternative Care 0.683 (0.433,1.079) 0.232 0.102 0495 (0.242,1.014) 0.364 0.054
Primary Pharmacy Type Uszed [ref: Clinic/Hospital]
Drug Stors 0.967 (0.0.899,1.041) 0.037 0375 0923 (0.765,1.113) 0.095 0.399
Other Store 0.966 (0.888,1.052) 0.043 0431 0917 (0.740,1.137) 0.109 0430
Mail-Ordar 1.041 (0.956,1.132) 0.043 0.354 1.112 (0.893,1.385) 0.111 0.342
Online 0.989 (0.799.1.224) 0.108 0918 0983 (0.593,1.628) 0.256 0.946
Multum Therapeutic Class #1 [ref: Anti-Infectives]
Antinsoplastics 1.136 (0.746,1.730) 0.214 0.552 1.111 (0.559,2.209) 0.349 0.763
Cardiovascular Agents 2.235 (1.885,2.651) 0.087 0.000 4.801 (3.743,6.157) 0.127 0.000
Cantral Narvous System Agents 1.939 (1.626,2.313) 0.090 0.000 3.264 (2.4894.281) 0.138 0.000
Coagulation Modifiers 1371 (1.073,1.751) 0.124 0.012 1.613 (1.0852.398) 0.202 0.018
Gastro-Intestinal Azents 1.555 (1.257,1.923)  0.108  0.000 1997 (1.4092.830) 0.177 0.000
Hormone Modifiers 1.533 (1.260,1.865) 0.010 0.000 1993 (1.470,2.702) 0.155 0.000
Miscellaneous Agents 1.807 (1.214,2.690) 0.202 0.004 2743 (1.230,6.113) 0407 0.014
Genitourinary Agents 1452 (1.010,2.089) 0.185 0.044 1706 (0.859,3.389) 0.349 0.127
Nutritional Products 1.650 (1.290,2.109) 0.125 0.000 2195 (1.4143.407) 0223 0.000
Respiratory Agents 2.081 (1.705,2.540) 0.101 0.000 3.924 (2.686,5.733) 0.193 0.000
Topical Agants 1.742 (1.446,2.099) 0.095 0.000 2592 (1.938,3.468) 0.148 0.000
Psychotherapeutic Azents 1.598 (1.296,1.970) 0.106 0.000 2072 (1.4542.952) 0.180 0.000
Immunological Agents 0.519 (0.085,3.177) 0.921 0477 0469 (0.0583.762) 1.059 0475
Meatabolic Agents 1.845 (1.544.2.205) 0.091 0.000 2901 (2.220,3.791) 0.136 0.000

98



Year Fixed Effects Estimator [ref: 2010]

2011 1.043 (0.857.1.138) 0.044 0337 1.111 (0.881,1.402) 0113 0373
2012 0.7535 (0.667.0.8534) 0.063 0.000 0544 (0.423,0701) 01258 0.000
2013 1194 (1.109.1.285) 0.038 0000 1.780 (1.38322%0) 0128 0.000
2014 0.854 (0.734,0.5930) 0.043 0000 0651 (0.5670.842) 0100 0.000
2015 1168 (1.052.1.24%) 0.034 0.000 1612 (1.303,1.59%4) 0.108 0.000
2016 0.944 (0.878.1.014) 0.037 0115 0871 (0.726,1.045) 0.083 0137
2017 0.988 (0.917.1.063) 0.038 0.740 0872 (0.8051.175) 0.0% 0770
2018 0.985 (0.928,1.046) 0.030 0618 0968 (0.826,1.133) 0.080 0682
2019 0.782 (0.730,0.838) 0.035 0.000 0.578 (0.4593.0.673) 0.081 0.000

Mote: Table displays odds ratios, 95% confidence intervals, robust standard errors, and p-valves for two Time Fixed Effects Logistic
Regression models: 1) w/MEPE Survey Desien and 2) w/out MEPS Burvey Design. Person-lavel MEPS weights were re-sealed by
dividing the weights by ten (PW/10) to account for ten vears of pooled data. Calendar vears corresponding to sach vear of MEPS
data were usad to account for potential observable and vnobservable systematic differences between the appendsd wears of data
ineludad 1n the study.
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